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Abstract 

 

This paper studies the return and risk characteristics of various smart beta strategies in the 

European equity markets. We research risk-adjusted returns of strategies employing size, value, 

profitability, momentum, and low-beta factors. The main question is whether smart beta 

portfolios are capable of outperforming a value-weighted index in the period from 2002 to 

2020. The thesis studies data on the 600 largest listed companies in Europe over the 21st century 

available. The stocks are sorted into decile portfolios by each factor and the extrema based on 

previous literature is selected to represent the single-factor portfolio. Two alternative 

approaches for smart beta portfolio construction are contested in search of optimal 

methodology: integration and mixing. We find consistent evidence that the integration 

approach generates superior performance over the mixing approach.  

 

Smart beta strategies’ superior performance over the index is significant in magnitude. 

Including additional factors to a smart beta strategy seems to behave in concave fashion, 

peaking at three factors on average, when the return on risk is at highest. After the third factor 

the focus seems to be lost as marginal diversification of risk falls sharply and returns of the 

portfolio fade. An investor finds better risk-return trade-off on average at three-factor smart 

beta strategies and is inclined to use a four- or five-factor model. The value and size factors 

have limited performance within our sample, but the newer factors low-beta, momentum and 

profitability express strong potential. We find little statistical significance in asset pricing 

models and cannot reject the possibility of luck causing the performance of smart beta 

portfolios. 

 

The setup in the paper complements existing literature and is relevant for the majority of 

investors as the methodology was set up to be applicable to a greater audience considering 

investing limitations, such as shorting constraints and a low degree of active management.  

 

 

Keywords: smart beta, long-only, value, size, momentum, profitability, low-beta, integration. 
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1. Introduction 

1.1. Background 

 

Smart beta investing is experiencing a high degree of popularity. According to FTSE Russel 

(2016, 2019), 78% of the participated asset owners either use or are evaluating a smart beta 

strategy. The report shows European’s slightly higher level of smart beta strategy adoption 

compared to North Americans. Yet, the more familiar multi-factor strategy remains the 

dominant solution with adoption rates at 71%. Is multi-factor strategy a “gateway drug” 

towards smart beta, we will not speculate, but 69% of new adopters of smart beta strategies 

report to also use a multi-factor strategy in their portfolio. 

 

Smart beta has no rigorous definition and is, therefore, often confused to other multi-factor-

based methodologies. Even though the two concepts are often used interchangeably, there is a 

subtle difference. First one being, smart beta is always a long-only portfolio, whereas a multi-

factor strategy can be long-short. Furthermore, the portfolio weighting method differs slightly. 

A multi-factor strategy has a capitalization-weighted base, after which the weights are tilted 

towards desired factors. Smart beta strategy portfolio’s weights are purely based on the 

characteristics of the stocks in the universe.  

 

A generally considered weakness of smart beta strategy is its relatively high market correlation, 

borne from the long-only nature. Long-short multi-factor strategies have significantly lower 

market correlation which makes it more appealing to many investors. However, implementing 

long-short strategy leads to higher management fees due to the more active management 

approach. As passive investing is gaining foothold, smart beta is the more applicable strategy 

to many investors who seek vehicles with low cost, higher transparency, easy access, and better 

liquidity. The most significant motivation to choose smart beta over a long-short multi-factor 

strategy for this paper is its service to a larger pool of investors due to the short constraints 

many investors face on the financial markets. 

 

The market factor, introduced by traditional asset pricing model (CAPM) can be considered as 

the first factor. However, the pioneers for factor models are Eugene Fama and Kenneth French 
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(1992, 1993) who introduced the three-factor model. This was the first model that considered 

multiple factors simultaneously as stock selection tool which explained the cross-sectional 

nature of expected returns. The superior strategy presented by Fama and French leaned on the 

expected return’s negative correlation with the size factor and positive correlation with the 

value factor, measured by the book-to-market (B/M) ratio. Such an integrated factor-based 

selection criteria suggests small value stocks would yield the highest excess returns.  

 

Later on, style factors as a topic have been exhausted by academic research, not by quality but 

quantity, and the number of reported style factors has climbed fast due to desperate efforts to 

find new sources of alpha creation capabilities. Harvey, Liu & Zhu (2016) addressed the 

problem by looking into over 300 factors that reportedly were statistically significant. That has 

raised some questions among academics about the cut-off of statistical significance. Many of 

the reported factors remain with no robustness and/or theoretical rationale, only being the result 

of data mining or even pure luck. This is an implication of a capital mistake described by author 

Sir Arthur Conan Doyle (1975): “It is capital mistake to theorize before one has data. 

Insensibly one begins to twist facts to suit theories, instead of theories to suit facts.” 

 

1.2.  Purpose 

 

A smart beta strategy aims to find an efficient model to predict expected returns. We aim to 

test whether an alternative weighting method based on different style factor exposures provides 

capability to beat the market index strategy. In addition, this strategy should be implementable 

in a passive fashion, as passively managed funds have gained massive popularity and are 

further increasing in size. Both institutional and retail investors are favouring funds that have 

minimal management fees and we aim to test a strategy that can be seen as a close substitute 

to these. Such funds are often Exchange-Traded-Funds (ETFs) mimicking an index e.g., 

S&P500. Hence, we are setting a capitalization-weighted market index strategy as a benchmark 

to our selection of strategies. We use the factors value, momentum, size, profitability, and 

betting-against-beta (BAB) proposed by Fama & French (2015) and Asness, Frazzini & 

Pedersen (2014), excluding investment factor.  
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Smart beta strategies can be applied by two main methods to construct portfolios: mixing and 

integration. The paper aims not only to compare smart beta methodology to alternative strategy 

classes but also to find an optimal way to approach the different, more specific opportunities 

through contesting generally applicable practise implications.  

 

We aim to provide research applicable to a larger audience of academics and practitioners by 

applying long-only strategies due to the shorting constraint faced by many investors. Opposing 

views on multi-factor-based trading strategies often point out the exclusion of trading costs that 

might offset the excess returns presented by empirical studies. Consequently, we account for 

activity-based costs to obtain a more realistic outcome. Due to our benchmark being a 

comparable strategy which would have identical fixed expenses we can leave management and 

subscription fees disregarded. 

 

Our paper contributes to literature by providing updated evidence on the known but time-

varying phenomena and expands the information on a more scarcely researched European 

market in very US-centric research on stock markets. 

 

1.1. Structure 

 

The paper is organised in 10 major sections. First, we introduce to the research question and 

highlight delimitations of our paper (1). Chapter (2) describes traditional asset pricing models 

and builds ground for the literature review in chapter (3). We continue by stating the evaluation 

tools (4) on which we define a superior investment strategy. The Methodology section (5) 

guides through the construction of portfolios and evaluates on the asset pricing model tests 

used in the paper. After thoroughly describing the sample data (6), we present results for the 

smart beta strategies in chapter (7) and for the asset pricing tests in chapter (8). We conclude 

by discussing shortcomings (9) and answer our research questions in chapter (10).  
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1.2. Research Question 

 

This paper studies smart beta methodology engaging the most generally accepted factors 

presented by Fama & French (1992, 1993, 2015), Jegadeesh & Titman (1993), Novy-Marx 

(2013), and Asness, Frazzini & Pedersen (2013). The central research question of this paper is:  

 

“Are Smart Beta strategies capable of outperforming a value-weighted index in the European 

equity market in a time period from 2002 until 2020?” 

 

The underlying assumption of the primary research question is that commonly accepted asset 

pricing anomalies also exist in our investment universe and time period. Therefore, we ask:  

 

“Are the historically researched asset pricing anomalies widely researched for the US stock 

market, such as outperformance of small stocks, high B/M value stocks, high Gross 

Profitability over Assets stocks, high 12-1 momentum stocks, and low-beta stocks capable of 

outperforming the passively managed market-weighted index fund in the European stock 

market? 

 

The study further includes two main approaches of portfolio construction to establish possible 

superiority that would apply to a wide range of combinations, disregarding the choice of the 

specific factor strategy and should answer the question: 

 

“Does the integration approach to construct smart beta portfolios beat the mixing approach 

with European equities with regard to risk adjusted returns and outperformance of the 

passively managed capitalization-weighted index funds?” 

 

To limit cherry-picking and bias by focusing only on the specific factors performing 

exceptionally well we analyse and present all feasible smart beta portfolio combinations for 

each number of factors. This inherently leads to the question:  

 

“For which number of factors has a smart beta portfolio delivered the highest risk-adjusted 

returns on average?” 
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Furthermore, we apply asset pricing model tests commonly found in financial economics to 

build a rationale to certain under- or outperformance and determine significance of the 

underlying model and test the existence of factor premia: 

 

“Are excess returns in our investment universe of the largest 600 stocks in European equity 

markets explained by the common Asset Pricing Models suggested by Fama & French?” 

 

1.3. Delimitations 

 

This paper has a limited scope due to the definite resources disposable. The paper covers the 

most commonly agreed style factors. The aim is set to study an alternative way to invest in a 

pool of the 600 largest stocks across European equity markets through factor-based strategies. 

We form factor portfolios and study their performance and cross/correlation in order to point 

out synergies for combination portfolios. We do not account for industry bets and recognize 

potential bias due to tilts in certain industries as a result of a purely factor-based approach. We 

also acknowledge the large cap bias in our investable universe. Furthermore, our rank 

weighting method overemphasizes small stocks against the cap-weighted market index and 

factor portfolios by Fama & French. The indicators selected from a great range of different 

ones are based on popularity and the reputation. We do not extend the study to test for best 

factor indicators or test a large pool of factors, but rather focus on the performance of simplified 

smart beta strategies that could be used by the majority of investors. We do not construct long-

short portfolios from the universe used in the study and hence, the factor portfolios used in 

testing factor premium’s existent and significance, are not completely compatible with the 

characteristics of the smart beta portfolios assessed in the paper. The focus is on European 

stock markets and do not generalize the implications on other equity markets. Neither do we 

compare the performance or especially diversification effects to other strategies used for 

diversification such as investing across asset classes. Finally, investors for whom a capacity is 

a constraint, the rank-weighting method is not realistic option, and we make an assumption that 

capacity is not a constraint.  

 

Many papers test the robustness by controlling for industry. We form expectations based on 

Asness, Frazzini, and Pedersen (2014), who reported in their low risk investing paper that the 
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strategies taking no industry bets performed the best. We suffice this counterargument to justify 

the lack of industry neutralization and assume any tilt towards certain sectors does not bias the 

performance metrics. 
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2. Traditional Asset Pricing Models 

2.1. Efficient Markets 

 

Eugene Fama (2014) contributed to primer of asset pricing theoretical framework by 

categorizing “two pillars of asset management”. This creates a foundation for the theoretical 

part of the literature, dividing it into macro level (market efficiency) and micro level (specific 

asset pricing model). The first level sets conditions for the latter and therefore, if market 

efficiency conditions are set unrealistic, the subsequent model will be useless for practitioners. 

This chapter will address the first pillar and set the macro framework for the asset pricing model 

pillar.  

 

Efficient capital markets remain at the centre of financial research despite the great deal of 

dispute around the topic. Professionals are extensively divided into two opposing teams; 

defenders and deniers of market efficiency. Unquestionably, the simplifications and 

assumptions efficient markets theory does, makes it a somewhat vague concept. Firstly, 

assumption about efficient allocation of capital. In theory it means that the most profitable 

investment will be granted the funding on the capital markets. This assumption requires 

capability to reach consensus and valuate the different investments systematically. How can 

markets reach an efficient allocation with profitability projections which relies heavily on 

subjective issues such as macro-economic outlooks? The second assumption is operational 

efficiency. That is, transactions are carried out efficiently, which guarantees operational cost 

(and time) efficiency. Final assumption concerns information. The flow is both efficient and 

available to everyone, which reflects in the asset’s market prices immediately.  

 

Bachelier’s theory on asset prices following the random walk process started the long and 

controversial research on efficient capital markets over 120 years ago. He introduced 

mathematics into finance by applying the Brownian motion into option pricing model. Random 

walk hypothesis was then further developed by a number of scholars such as Fama (1965, 1970) 

and made popular as a term by Malkiel (1973) in his book A Random Walk Down Wall Street. 

It is Fama’s research that has become the most widely accepted theory on efficient capital 

markets. The theory has to make a few assumptions about markets’ behaviour to create a 

fruitful possibility for efficiency: 
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i) No transaction costs. This is necessary to prevent an advantage for certain traders 

over others and everyone simply has the same cost level. 

ii) All the information is available to all market participants free of charge. 

iii) All market participants have a consensus about the implication of that information 

on the market price of an asset. This means, everyone’s valuation model considers 

the same information and results in the same outcome. 

 

 

In case of abovementioned criteria are met, the current price of an asset reflects all the 

information. Obviously, this is not quite descriptive of the reality, and the markets have much 

more frictions. This does not mean markets are inefficient. The criteria i.-iii. are sufficient yet 

not necessary for market efficiency. It is quite clear that different investors give emphasis on 

different information and therefore do not agree on the new information’s implication on an 

asset price. The essence of the criteria is that a single investor is not able to make consistent 

and correct estimations from the information on an asset in a way they can beat others in value 

approximations and hence, profit excess returns on the account of others on regular basis. 

 

Instead of having a yes/no answer to the efficient market hypothesis question, Fama suggested 

three forms of market efficiency for testing the framework. This is still today the generally 

applied framework and is extensively used in asset pricing literature. In the framework, market 

conditions are categorized into three feasible forms, where conditions are based on information 

set θt, at time t. The need for the framework is for the scholars to specify the breakdown of the 

hypothesis by the level. Thus, reporting of the hypotheses can be conditional of the market 

efficiency form. 

 

(1) The Weak Form of Efficient Market Hypothesis, where the information set θt, at time t 

includes only past information on asset prices. As the asset prices only compose of 

historical data, a technical analysis on the market with weak form of efficiency. The 

serial correlation of return of the stock is the focus on the test for weak form of 

efficiency. As stock price reflect only its historical prices, the time series correlation of 

returns on its own lagged values test is used to test the Weak Form. A common method 
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for testing is to see if stock returns follow a random walk. That is, the future returns on 

asset prices are completely random and therefore, serial correlation cannot be used to 

predict or explain the returns. Extensive testing finding evidence against this form has 

built a strong consensus against Weak Form of EMH. 

 

(2) The Semi-Strong Form of Efficient Market Hypothesis, which is an extended version 

of the Weak Form with a widened information set. The problem is, the information set 

θt, at time t is mistaken to include all the information available. Meaning, in addition to 

stock performance in the past, also information such as financial reports, news, market 

reports, etc. are also reflected in the asset prices as well. Traditional testing method is 

event studies such as event study on stock splits, profit warnings, index inclusion, etc. 

Early studies considering this found that stock splits, and general consequent effects 

incorporated with splits, are efficiently priced into the prices, supporting the evidence 

for the efficient market hypothesis (Fama, Fisher, Jensen & Roll 1969). Consequently, 

a fundamental analysis would not work in this form of efficiency and would be a waste 

of resources. 

 

 

(3) The Strong Form of Efficient Market Hypothesis, assumes the information set θt, at 

time t to include all the information known at the time t. Therefore, an investor cannot 

reach a monopolistic position and earn profits by using inside information for trading 

because the market price already reflects all the information, insider information 

included. In order to test this form of efficiency, one must test portfolio returns of those 

with access to insider information i.e., executives and board members of corporations 

listed on public exchanges (Fama 1970, Jensen 1978). This is the level where efficient 

market hypothesis often fails in empirical testing. The investors with access to insider 

information are able to generate profits by making consistent and correct estimations of 

future returns on asset prices (Fama 1970). 

 

Asset pricing models always put the efficient market hypotheses into a test. Whether the 

markets are efficient is a relevant premise to factor premiums. If the markets are deemed to 
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bear a sufficient degree of efficiency, the factor premiums must have a risk-return-based 

reasoning behind it. If not, the premium must be explained by behavioural finance.  

 

In the case of perfectly efficient markets, active investing would be a waste of expensive time 

as beating the market would be impossible due to the lack of inefficiencies. Furthermore, due 

to their fees and expenses, the strategy would underperform the market for certainty. To justify 

active investing, do we have to assume markets are inefficient? No, not according to many 

scholars, e.g., Pedersen (2015) who came up with a definition, efficiently inefficient markets. 

And by this he means that market participants’ actions result in market efficiency but inefficient 

enough for them to be reimbursed for their risks and operational costs. In practice, this appears 

as small drifts from efficient states that are quickly exploited by arbitrageurs and therefore a 

shift back to the efficient state happens efficiently and effectively. However, the opportunities 

are limited and thus, only a limited number of active investors can profit from exploitation of 

these inefficiencies by deploying economically motivated investment strategies. 

 

2.2. Theoretical Foundation 

 

A Noble Prize-winning scholar and the father of modern portfolio theory, Harry Markowitz, 

formed the foundation for models explaining stock returns through covariation with factors. 

This was further derived into the traditional Capital Asset Pricing Model (CAPM) by Treynor 

(1961), Sharpe (1964), Lintner (1965) and Mossin (1966) which gained its popularity and 

became the prevalent model for asset pricing researchers and practitioners. In this mean-

variance analysis, they constructed a mean-variance model which remains one of the most 

popular and thoroughly studied portfolio optimization model. The common denotation for 

CAPM is: 

 

                        𝐸[𝑅i] = 𝑅𝑓 + 𝛽𝑖(𝐸[𝑅𝑚] − 𝑅𝑓)                                          (1)  

 

where E[Ri] denotes for expected return on asset i, Rf denotes the market risk free rate of return, 

βi denotes the beta coefficient of asset i, E[Rm] denotes the expected return on the market 

portfolio. 
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The essence of CAPM is systematic risk. This means, the changes in asset prices are determined 

by assets beta to market which is an individual assets exposure to market risk. Put it simply, 

asset’s systematic risk exposure multiplied by excess market return. It is the slope coefficient 

in the linear function of expected return of that asset and can be derived by regressing excess 

asset price returns on excess market return. Excess returns here implying the returns deducted 

by risk free return e.g. excess market return, also called as the market premium denoted by 

(𝐸[𝑅𝑚] − 𝑅𝑓) . Intuitively, the model suggests that the higher the correlation with markets, the 

higher the expected return for a stock i. In other words, low-beta stocks will yield lower returns 

than high-beta stocks. (Sharpe 1964) 

 

 

Figure 1: Security Market Line. Random variables, own calculations 

 

CAPM does not allow for trading strategies to yield positive alpha with any model. It simply 

claims the only source of risk to be the systematic risk, and that all assets lie on security market 

line (SML). This state is called as market equilibrium. In a disrupted case, you would have 

assets that do not lay on this line in which case those assets are mispriced. For example, an 

asset placing above the line would be under-priced. As this is an exceptionally attractive asset, 

investors rush to buy the asset until the price increases and that in turn, decreases the expected 

return and markets adjust back into equilibrium. Efficient market hypothesis trusts that under-

priced asset, cause of supply shock, will be quickly eliminated by arbitrageurs. 
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Traditional CAPM makes a few further assumptions on the market conditions: 

1) Investors seek maximum terminal wealth and base their portfolio decisions on mean 

and variance. 

2) Investors are able to borrow and lend at risk free rate. 

3) Markets have no transaction costs or taxes. 

4) Investors approximate identically as they share an understanding about expectations of 

returns and joint probability distributions on portfolios. 

 

 

Figure 2: Capital Market Line. Random variables, own calculations 

 

Sharpe (1964) drew investment opportunities on a figure showing price as a function of risk. 

By mapping all the investment assets, it forms the capital market line which represents the 

efficient capital markets’ investment opportunities. Picking assets from this line is considered 

efficient if there is no option with 1) same risk and higher expected return 2) same risk with 

lower return or 3) smaller risk with higher return. Intuitively, it would be the inferior decision 

to pick a stock that has a substitute on the risk measure but yields a lower return. The reason 

why an option with lower risk but higher return is not efficient, is that it would not be priced 

similarly, since no one would buy the assets it dominates. The Capital Market Line is captured 
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in Figure 2 with CML’s tangency line, which represent the optimal portfolio mixes of tangency 

portfolio and the risk-free asset.  

 

2.2.1. CAPM and Beta Empirically 

 

Despite of CAPM’s poor empirical evidence, the model was after something. Most of the factor 

models include the market factor and add further style factors to improve the explanatory 

power. Although it was the generally accepted asset pricing model for a long period after 

Sharpe and Lintner published their work on the theory. Academics and practitioners agreed on 

the model as it stood the test of time for a while, but nearly twenty years later contradicting 

evidence started to come about. First remarkable one being Banz (1981) as he documented the 

size factor. In his research he showed that he could improve the CAPM by adding another 

factor on top of the market beta, the size of the company. He found that there was clear positive 

covariance with expected returns and small market capitalization of the company. The size 

factor has stood the test of time and is still today widely used in factor models. 

 

Value factor was first introduced by Graham, Dodd & Cottle (1934) and was gradually 

developed along the way and saw many forms in the process. It started to gain its form in which 

it has reached the great popularity within asset pricing models around the 80’s as well (e.g., 

Stattman 1980, Rosenberg, Reid & Lanstein 1985). Book-to-market ratio took place as the 

prevalent value measure in later asset pricing research and remains the dominant choice for 

scholars and practitioners. Value factor was yet another remarkable counter argument to CAPM 

and played a significant role in asset pricing theory’s development. 

 

2.2.2. Miller Modigliani Valuation 

 

The following sections are strongly inherent from the scholars’ Eugene Fama and Kenneth 

French work over the years. They have been doing extensive research on the factor models, 

and asset pricing models that carry their name are widely popular and prominent within 

academia.  
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2.3. Three Factor Model 

 

Eugene Fama and Kenneth French reasoned, based on multiple proven factors, that asset 

pricing could be multidimensional. The three-factor model by Fama & French (1992), known 

as Fama-French Three Factor Model (FF3FM), compiled the three aforementioned factors in 

one model. They found that adding size and value factors to the market factor model improved 

the explanatory power over any previous on factor model such as CAPM theory that had 

dominated the asset pricing theory but yielded considerable anomalies. (Fama & French 1993) 

 

In more detail, the two additional variables were found to be good estimators in search for 

market beating stocks. They defined the size factor as small-minus-big (SMB) factor which is 

the return on a portfolio that is long in small market capitalization stocks and short in big market 

capitalization stocks. Considering the positions in such a portfolio, it is intuitive that the relative 

share of stock is smaller in the short position of large cap stock than the long position of the 

small cap stock. As the positions must be equal in currency terms, the same amount accounts 

for a larger share of market cap in the small cap stock. (Fama & French 1993) 

 

Value factor in their model was high-minus-low (HML), which is the return for a portfolio that 

is long in high value stocks and short in low value stocks. It is worth noting that there is a 

position imbalance, as the positions are equal in currency terms, the short position in expensive 

stock is relatively small quantity of the book assets for each unit of currency compared to the 

long position in an inexpensive stock. Both of these factors are excess returns on zero-cost 

portfolios constructed in aforementioned way. Book to market (B/M) is the value indicator in 

the model which is calculated by dividing the book value of the stock divided by market value 

of the stock. If B/M is a high figure, it means that market price is low relative to their book 

value and the stock is considered cheap. Consequently, low B/M implies an expensive stock 

that has a high market capitalization relative to company’s book value. (Fama & French 1993) 

 

𝐸[𝑅𝑖] − 𝑅𝑓 = 𝑎𝑖 + 𝛽𝑖(𝐸[𝑅𝑚] − 𝑅𝑓) + 𝑠𝑖𝐸[𝑆𝑀𝐵] + ℎ𝑖𝐸[𝐻𝑀𝐿]                  (2) 

 

where, E[SMB] is the expected return on a portfolio with a long position in small cap stocks 

and short position in large cap stocks, E[HML] is the expected return on a portfolio with a long 
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position in a high value stocks and short position in low value stocks, si and hi are sensitivity 

factors. 

 

2.4. Five Factor Model 

 

In search of further perfecting the asset pricing theory, Novy-Marx (2013) reported to have 

found that a profitability factor had more or less the same explanatory power as the common 

value factor in the cross-sectional modelling of expected average returns. Furthermore, he 

found that controlling for profitability, the previous model would become more robust, and the 

performance of value strategies would increase significantly. In addition to empirical evidence, 

he provided a theoretical rationale behind the factor. The high gross profits-to-assets ratio 

stocks yield higher expected returns despite of their high valuations. However, as we discussed 

earlier, the value factor has proven that stocks with lower relative valuations have higher 

expected returns and these two statements might sound controversial at first. The profitability 

factor creates an efficient hedge to value strategies as there is some core philosophy these two 

factors share. Howbeit, profitability measures a different dimension of the value of a stock and 

brings accuracy to the model as instead of just selling the expensive asset to finance acquiring 

a cheap one, profitability sells an unproductive asset to acquire a productive one. 

 

Aharoni, Grundy & Zeng (2013), motivated by some anomalies the work by Fama and French 

yielded, argued it was due to shortfalls in the cross-sectional measurement of expected 

investments. Aharoni et al. (2013) found a significant negative relation between the expected 

return and expected investments.  

 

These new findings pursued Fama and French (2015) to publish yet another updated model that 

would survive the counter arguments to their three-factor model. By adding the two factors, 

profitability and investment style to the pre-existing factors market, size and value in the three-

factor model, the five-factor model was introduced as presented: 

 

𝐸[𝑅𝑖] − 𝑅𝑓 = 𝑎𝑖 + 𝛽𝑖(𝐸[𝑅𝑚] − 𝑅𝑓) + 𝑠𝑖𝐸[𝑆𝑀𝐵] + ℎ𝑖𝐸[𝐻𝑀𝐿] + 𝑟𝑖𝐸[𝑅𝑀𝑊] +

                                                                       𝑐𝑖𝐸[𝐶𝑀𝐴]                                                                       (3)                               
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where 𝐸[𝑅𝑀𝑊] is the expected return on a portfolio with long position in robust profitability 

stocks and short position in weak profitability stocks, 𝐸[𝐶𝑀𝐴] is the expected return on a 

portfolio with long position in stocks with conservative expected investments and short 

position in stocks with aggressive expected investments. 

 

The five-factor model defines the excess return on stock i through its sensitivity to five factors: 

market, size, value, profitability and investments. The profitability measure is based on gross 

profit-to-assets, and the factor return comes from the difference in returns of a portfolio of high 

profitability stocks and a portfolio of low profitability stocks (RMW, robust minus weak). 

Similarly, the investment factor return is the difference in returns of a portfolio of stocks that 

invest in moderation and a portfolio of stocks that invest aggressively (CMA, conservative 

minus aggressive). (Fama & French 2015) 

 

Fama & French (2016) found the additional two factors, RMW and CMA, significantly 

reducing the pricing anomalies compared to the three-factor model. They employ the GRS test 

suggested by Gibbons, Ross & Shanken (1989) to measure if there is a jointly significant 

increase in information added about expected returns and find this to be true with highly 

significant test statistics. 

 

2.5. Six factor model 

 

The sixth factor to be included in the multi-factor asset pricing models by Fama and French 

was momentum. Early momentum research came out by Jegadeesh (1990) and Jegadeesh & 

Titman (1993). In 2016, Fama and French included momentum and published a paper on their 

six-factor model as presented here: 

 

𝐸[𝑅𝑖] − 𝑅𝑓 = 𝑎𝑖 + 𝛽𝑖(𝐸[𝑅𝑚] − 𝑅𝑓) + 𝑠𝑖𝐸[𝑆𝑀𝐵] + ℎ𝑖𝐸[𝐻𝑀𝐿] + 𝑟𝑖𝐸[𝑅𝑀𝑊] +

                                                              𝑐𝑖𝐸[𝐶𝑀𝐴] + 𝑏𝑖𝐸[𝑊𝑀𝐿]                                                    (4)                                 

    

Similar to the five-factor model, this model includes the previous model identically and only 

introduces an additional factor. The sixth factor return, momentum equals the difference of 



17 

 

portfolio returns with stocks that performed well in the near past and a portfolio with stock that 

underperformed in the near past (WML, winners-minus-losers).  

 

Momentum differs slightly but in an important way from the previous factors in this series of 

Fama & French models. It does not have similar theoretical rationale as the others do. 

Momentum factors’ theory is based on empirics in nature, any further rationale one should try 

to find perhaps from behavioural studies. Already Jegadeesh & Titman (1993) admitted the 

systematic risk could not explain the performance of momentum strategy.  Consequently, Fama 

and French were disinclined to include this factor and break the pattern of factor qualifications. 

However, momentum did increase the explanatory power in respect to the previous model, 

FF5FM. Furthermore, the general hype around momentum was considerable. (Chan, Jegadeesh 

& Lakonishok, 1996) 
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3. Literature review 

 

3.1. Factor Mania 

 

Since the publication of the three-factor model, the rush to find new factors explaining equity 

returns begun. In the space of little over 20 years, the reported factors went from 5 to hundreds. 

There is no accurate figure on it, but Harvey, Liu and Zhu (2016) researched 314 factors 

reported in top academic journals. Green, Hand & Zhang (2017) studied 330 return predicting 

factors. Adding all the since reported factors and those that did not make it to these journals, 

the number is even more obscene. Assuming the efficient market hypothesis holds, and all the 

available information being included in the market prices, the development seems 

counterintuitive. The number of significant factors should be decreasing instead of shooting up 

as they have. This raises a question; can all these factors be significant at the same time? If not, 

how are they deemed to be significant. 

 

McLean and Pointiff (2016) find evidence on the diminishing factor returns with both post-

publication and out-of-sample testing. This suggests that there is significant bias from data 

mining in many of the published factor research. Even in 12 out of the 97 factors subject to 

their study, they failed to replicate the reported returns with the same data window as in the 

given publication. Finally, they found that factors become crowded post-publication as 

investors cause considerable inflows to strategies exploiting the newly explored factor, 

reversing the pricing errors leading to vanished factor premia. 

 

Harvey et al. (2016) suggest we re-evaluate the statistical significance cut-off level for factor 

returns. They find rigorous evidence to support this concern. The standard cut-off at 2.0 for the 

t-test assumes a normally distributed data set. The research finds factor returns being far from 

normality and therefore, suggests a raise to the bar for statistical significance. Frequent extreme 

realizations in factor returns result in excess kurtosis and negative skewness for most of the 

factors. Additionally, they highlight the concerns related to multiple testing, as an increased 

number of tests on the same dataset also increases the probability of significance by chance. In 

their paper, they apply various statistical methods to address this issue and suggest a t-test cut-

off above 2.0.  
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Hou, Xue & Zhang (2020) continue the study and replicate 452 different pricing anomalies in 

6 different factor categories (momentum, value, investment, profitability, intangibles and 

trading frictions) of which 65% could not pass the single test hurdle of absolute t-test value of 

1.96. They explain this bias yielding from microcaps and that many studies are over weighting 

microcaps by assigning too much weight on them, whereas they controlled for microcap stocks 

which made a great deal of anomalies disappear. Second control they create is adjusting for 

multiple testing which alone mitigate 41.4% of the anomalies at the normal t-test benchmark. 

Finally, 65.3% of the anomalies fail to pass the single hurdle when testing them with shorter 

sample periods. Furthermore, when the t-test hurdle is raised to 2.78, the failure rates increase 

even further. They find momentum, value, investment, and profitability anomalies to pass the 

hurdles clearly, suggesting fundamental features being more important cross-sectional 

explanatory variables than those based on trading frictions.  

 

Another concern around multi-factor strategies is the correlation benefit which is, 

controversially, one of the most popular reasons to use the very strategy. The factors’ cross-

correlations are often presented to be very low and even negative and presented next to asset 

class cross-correlations to show dominant diversification benefits in multi-factor strategy over 

traditional diversification amongst asset classes. However, the factor cross-correlations tend to 

peak during periods of underperformance and therefore, giving very little risk diversifications 

during considerable drawdowns. Time varying nature of the cross-correlations is a central 

critique towards strategies based on multiple factors. (Harvey, Liu & Zhu 2016)  

 

3.1.1. Value 

 

The rationale behind the value factor is fairly simple and could be depicted as cheapness of the 

equity stake. The factor is sometimes presented with more elaborate names e.g., value versus 

growth, value minus growth. The main point of value strategies is to find undervalued, cheap 

stocks and take long positions. Long-short strategies will finance these positions by finding 

overvalued, expensive stocks to sell short and create a zero-cost long-short portfolio. The most 

popular value measure is stock’s book-to-market (B/M) ratio which compares the book value 

to the market value of a firm’s equity. Lakonishok, Shleifer & Vishny (1994) found that the 
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value strategy has forecasting capabilities when measured by cash flow-to-price (C/P) ratio. 

Other signals used include earnings-to-price (E/P), EV/EBITDA etc. 

 

The theoretical rationale behind this negative relation is simple to prove in theory, assuming 

the equation 5, by Miller and Modigliani (1961) is assumed to hold. 

 

                                                        𝑀𝑉𝑡 = ∑
𝐸[𝑌𝑡+𝜏] − 𝐸[(∆𝐵𝑉𝑡+𝜏]

(1 + 𝑟)𝜏

∞

𝜏=1

                                          (5) 

 

 

                                                                      ∆𝐵𝑉𝑡 = 𝐵𝑉𝑡 − 𝐵𝑉𝑡−1                                                    (6)  

 

where 𝑀𝑉𝑡 is the market value of equity, 𝐵𝑉𝑡 is the book value of equity at time t, 𝑌𝑡 is the 

income after interest and taxes to be received at time t and r is the discount rate. With simple 

algebra, we can divide the equation 5 by book value, resulting in equation 7, which will show 

us that the expected profitability and current B/M ratio should have positive relation to 

expected returns on the stock. Moreover, the relation between expected growth in BV relative 

to current BV must have negative correlation with expected stock returns. As growth in book 

value of equity can be financed either through retained earnings or issuing more equity, we can 

replace the expected growth in BV by expected future investments and the relation should 

become clearly comprehendible. Considering constant B/M and profitability levels, the stock 

will have a higher required rate of return if its expected future investments, 𝐸(∆𝐵𝑉𝑡+𝜏), are 

low. In turn, keeping B/M and expected future investments constant, higher 𝐸(𝑌𝑡+𝜏) will result 

in increased expected rate of returns as well. 

 

                                                            
𝑀𝑉𝑡

𝐵𝑉𝑡
=

1

𝐵𝑉𝑡
 ∑

𝐸(𝑌𝑡+𝜏) − 𝐸(∆𝐵𝑉𝑡+𝜏)

(1 + 𝑟)𝜏

∞

𝜏=1

                                  (7) 

 

Although there are contrarian and conflicting views, empirically the value factor has remained 

very robust for explaining stock returns. Generally, markets agree on the existence of premia 

in a value factor strategy, and the popularity speaks for itself. Not least for the fact that the 

value strategy is proven to work across asset classes and with global reach. However, there is 
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no consensus on why there is such a premia and possible explanations are rich in variety. Two 

main schools of thought dominate in scholars. The first one considers that value stocks have 

higher exposures to undiversifiable risk and the higher returns are compensation for this 

increased risk, in accordance with efficient market hypothesis. The second explanation claims 

investors’ irrational behaviour is causing the pricing discrepancy, which creates excess returns 

for ‘unwanted’ value stocks that overweighting growth stocks creates as investors are 

overestimating the future potential on growth stocks.  

 

Fama and French (1993, 1995) presented an argument that it is a risk premium. High B/M 

stocks are usually distressed and more sensitive to fluctuations in HML factor than low B/M 

stocks that are robust. The higher the B/M factor for a stock, the lower sustained earnings it 

signals, meaning the stock has been less profitable. Consequently, low value stock is typically 

a stock with higher return on capital, hence the term growth stock. 

 

This rationale is supported by Novy-Marx (2013) who argues that a firm which holds more 

profitable assets should yield more than a firm with less productive assets if priced similarly 

and they should have different rates of return. But as the differences in B/M ratios between 

these companies suggest, the firm with less productive assets yield lower returns, it is 

compensated by lower pricing and therefore, the two features even out each other. Empirically, 

the opposite powers are not symmetric as value strategies have proven to be more profitable. 

 

Value investors who trust that the mean-reversion will stabilize the B/M ratio must hope it is 

driven by increasing price as the ratio can also adjust through decrease in book value of equity. 

This would mean negative earnings and dilution of book value in which case investors could 

lose money. In the latter case markets’ expectations of the stock’s future performance would 

have been correct. The point of this rationale is that a cheap stock might be cheap for a reason 

and it is important for a value investor to evaluate whether cheapness arise from mis-valuation 

or negative outlook. Buying a fundamentally bad stock with basement price is called value 

trap. (Pedersen, 2019) 

 

Petkova & Zhang (2005) present evidence on value beta’s positive covariance with the market 

risk premium. The opposite is found to be true for growth beta’s covariance. This would mean 
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that HML factor covaries positively with the market factor. Explaining this causality, they hint 

that during economic downturns, firms wish to scale down their activities, but due to 

difficulties to do so high value firms are more affected by this market move. The reason that 

value firms have more immediate need to scale down during ‘bad’ times is their less productive 

nature, whereas growth firms have more room for flexibility due to wider margins. The 

explanation fits well with Novy-Marx (2013) and Fama & French (1993, 1995). 

 

Lakonishok, Shleifer & Vishny (1994) argue the value premium is due to low B/M stocks being 

overpriced and buying high B/M stocks and selling low B/M stocks investors can exploit the 

mispricing on the markets. This rationale is contrary to that of presented by Fama & French 

above as this is based on mispricing of assets rather than premia to compensate for risk taking. 

It is a fundamental difference as it relies on behavioural bias rather than the asset pricing idea 

of compensation for risk taking. 

 

Furthermore, Lakonishok, Shleifer & Vishny (1994) find that the traditional risk measures have 

time varying nature as the market beta is lower during market downs and higher beta during 

market ups, contradicting the findings of Petkova & Zhang (2005). This suggests that a value 

strategy provides higher upside exposure and lower downside exposure, which is an ideal 

feature for an investment strategy.  

 

Pedersen (2019) highlights value investor’s important contribution toward market efficiency 

as they push up cheap stock prices by bidding exclusively on stocks with value bias and sell 

short the growth stock, putting downwards pressure on those stocks and hence, creating a 

balancing force on the markets. Although Pedersen admits this force is not quite strong enough 

to eliminate market inefficiencies, as there are fundamental and liquidity risks involved in value 

investing. Even if you get stock at a value discount, under the value of future profits, there 

exists a risk embedded in the investment due to bad news on the stock or if an investor is forced 

to liquidate the position before the stock reaches a higher valuation.  

 

The behavioural component is consistent with Daniel & Titman (1997) as they agree the value 

premium does not derive from compensation for additional risk taking, but rather an irrational 

pricing of recently well performed stocks. By utilizing a strategy that assumes mean reversion 
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to be true and buying under-priced stock and sell over-priced ones, one can simply benefit for 

irrational tilt of peer investors towards growth stocks. 

 

3.1.2. Momentum 

 

The momentum factor is based on recent historical performance of the stock price. That is why 

trading strategy would be a more accurate description than investment strategy, as the approach 

is based solely on movements in stock prices. Basic philosophy behind a momentum strategy 

is that recent winners will stay winners and losers will stay losers, justifying buying the recent 

winners and selling recent losers. 

 

Jegadeesh (1990) found significant stock price estimation power from longer lags in serial 

correlation. Evidence for, especially 12-month’s positive serial-correlation could predict 

excess returns for stocks, was strong. Later on, Jegadeesh & Titman (1993) studied this 

phenomenon further and delineated that the period of past 12 months, excluding latest 1 month 

was particularly strong in explanatory power for stock returns. In their analysis they 

constructed long-short portfolios by going long the top (winner) 10%-percentile and short the 

bottom (loser) 10%-percentile. 

 

The correlation sign depends on the time frame. Jegadeesh & Titman (1993) show a positive 

serial correlation on short/medium-term whereas De Bondt and Thaler (1985, 1987) find 

negative serial correlation on long-term. De Bondt et al. present an argument that on the short-

term markets tend to overreact after unanticipated news and price reversals correct market 

prices on correct level on the long-term. They suggest that markets are efficient on long-term 

but contain some inefficiencies on shorter time periods. 

 

The attention drawn to the momentum phenomenon increased the explanation power, not only 

for a model including the factor but also value factor, which suffered from the bias of irrational 

investors being overly optimistic about growth stocks’ future performance based only on 

previous success. The momentum factor puts a crack into EMH and the fundamental claim 

heard often among investors that past performance does not have an effect on the future returns 

of a stock. Well performing stocks’ value factor decreases tilting it towards growth status. 
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Hence, momentum would be aligned with the second type of rationale behind value premium 

that investors tend to overestimate the future of growth stocks. The recent performance tilts it 

towards growth, leading investors to increase their view on this stocks’ future performance, 

which drives the price further up due to this increased valuation. 

 

Jegadeesh & Titman (1993) found that when sorting portfolios by the momentum factor, the 

winner stocks had the lowest market betas and losers on the contrary, the highest betas. This 

means, momentum premium is not compensation for systematic risk taking. A zero-cost 

portfolio, meaning long-short portfolio, has negative market beta. However, the momentum 

and market excess return correlation seems to be time varying. Harvey et al. (2016) report 

momentum to be extremely prone to market crashes. They reported momentum to have a 

skewness of -1.41 and excess kurtosis of 11.38, which is the second highest kurtosis for the 14 

factors studied. The findings are consistent with unproportionate drawdowns with its 

asymmetric and fat-tailed factor returns.  

 

Chan, Jegadeesh & Lakonishok (1996) studied momentum by controlling for earnings 

announcements to see if the momentum was borne by overreactions and price reversals. They 

found that this is not entirely the case. Most of the stocks seemed to have a longer drift in the 

future. For example, the worst past performers had abnormally low returns for up to three years. 

Evidence against positive feedback solely driving future price returns in the stocks that had 

highest prior stock price returns but the lowest abnormal earnings announced, barely 

overperformed the average stock in the portfolio. Instead, they suggested that market reaction 

to news is a more gradual process and takes time but emphasise the market reactions during 

the earnings announcement periods. 

 

Carhart (1997) was convinced about synergy in momentum with the Fama & French three-

factor model (FF3FM) and created a four-factor model that combined these in equation 8. He 

studied mutual funds’ performances and by buying previous year’s top-decile while selling the 

bottom-decile, yield was 8% of which market value and momentum together explained over 

half of. He deployed the 12-month momentum factor WML (winners-minus-losers) by 

Jegadeesh & Titman (1993) and argues that in practise this is a very implementable strategy 

with minimal transaction costs as it leaves the transaction cost of underlying stocks for the 
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long-term holders of those mutual funds. Empirical evidence supports the dominant robustness 

of the four-factor model to FF3FM as it gives less pricing anomalies. 

 

     𝐸[𝑅𝑖] − 𝑅𝑓 = 𝑎𝑖 + 𝛽𝑖(𝐸[𝑅𝑚] − 𝑅𝑓) + 𝑠𝑖𝐸[𝑆𝑀𝐵] + ℎ𝑖𝐸[𝐻𝑀𝐿] +  𝑚𝑖𝐸[𝑊𝑀𝐿]       (8) 

 

Rouwenhorst (1998) studied momentum strategies in an international context and found 

significant returns in European stock markets as well. Using a 6-month estimation window for 

the momentum signal, he found that on medium-term, recent winners stay winners. He also 

found that firm size has negative covariation with the continuation of the profitability of this 

strategy, however, the opportunity is not limited to small stocks. European markets gave highly 

similar outcomes as US markets in the study of Jegadeesh & Titman (1993). Furthermore, there 

seems to be a correlation between the strategy’s profitability which suggests that the strategy 

gives exposure to the same factors and the findings are not caused by a chance. 

 

Asness, Moskowitz & Pedersen (2013) studied the presence of value and momentum premiums 

in a more universal framework using the global universe across asset classes. They found robust 

evidence on both factor premia, including the relevant universe in this study, European equity 

markets. Moreover, they found that funding liquidity risk explained part of both premiums. 

Funding liquidity risk implies the risk that a fund cannot fund their position through the life of 

a trade. In practice, that means being forced to cut back the positions due to margin constraints 

or just closing in on them at an uncomfortable manner. 

 

The driver behind momentum premia does not have a commonly accepted consensus. 

Aforementioned liquidity risk is one explanation, also argued by Pástor & Stambaugh (2003). 

According to them, exposure to a liquidity factor correlates positively with expected returns 

and most of the momentum premium is due to compensation for holding stocks that have 

unexpected variations in liquidity. It does not explain all of the excess returns, but a reasonable 

proportion. 

Another explanation is provided by Avramov et al. (2012). They point out that the deterioration 

of performance in firms with increased credit risk drives the zero-cost momentum portfolio as 

it takes short positions in these recent losers.  
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Criticism towards the momentum strategy is often related to the high turnover it creates. Novy-

Marx (2013) and Leippold & Rueegg (2019) point out that while the performance looks good 

on paper, net of fees it might be zero. In their study, Leippold & Rueegg (2019) find that 

dropping momentum from a multi-factor strategy not only decreases the turnover significantly 

but the strategy is capable to yield significant alphas after transaction fees. They deployed a 

realistic, long-only portfolio that attempted timing with only size and value factors in US, 

developed and emerging markets. This kind of setting is more realistic to larger group of 

investors and draws point to an important, but often neglected reality of shorting constraints 

and transaction fees. 

 

3.1.3. Size 

 

Banz (1981) was among the first ones to report the market capitalization’s cross-sectional 

relationship with risk-adjusted returns, which Fama & French (1993) later on verified and 

included in their factor models. Banz (1981) showed the negative correlation between adjusted 

returns and market capitalization of the firm so that small cap firms have higher risk adjusted 

returns compared to large-cap stocks.  

 

Chan & Chen (1991) explained the small cap premia through risk. They concluded that small 

firms tend to be riskier than large firms. On efficient markets, additional risk taking should be 

compensated with higher expected returns. The source of risk they suggested was less effective 

management and higher proportional leverage. This is aligned with Bhandari (1988) who found 

a positive relation between leverage of the firm and its average return. 

 

Fama & French (1993, 1995) also link size to profitability and reason that small cap stocks 

tend to have less earnings on the equity stake. They condition this by adding that if markets are 

rational, then the factors must proxy for risk, but do not insist it is the case. 

 

Small-cap stocks are known to have lower level of liquidity which might make their cost-

efficient usage in portfolio formation harder. Low liquidity is out of favour amongst investors, 

and they will require a fair premium for taking on liquidity risk. Small stocks tend to have a 

high sensitivity to the liquidity factor but also higher alphas when using traditional asset pricing 
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models. Stocks with higher sensitivity to liquidity have substantially higher expected returns 

which has been offered as possible reason for the small stock premium. (Pástor & Stambaugh, 

2003) 

 

Finally, size premia have been attempted to be explained through behavioural studies. Investors 

might have trouble of finding as thorough information on small cap stocks as those of higher 

market cap, and to compensate this uncertainty they require higher return. (Banz 1981) 

 

3.1.4. Betting against Beta 

 

In 1972 Black, Jensen & Scholes found evidence against the CAPM and the strict assumption 

that stock returns are driven solely by its sensitivity to the market risk premium. They studied 

a period from 1931 to 1965 and found a negative relation between the stocks systematic risk 

loading and returns. Their outcomes of CAPM regressions showed that high-beta stocks had 

negative and low-beta stock positive alphas, and, therefore, did not lay on SML. The 

counterintuitive finding on the risk-return relation has woken many scholars to study this 

further. So, we can say the idea of betting on low-betas is old but has been included into the 

popular asset pricing models relatively late considering the information on the relation. 

 

The same way as with previous factors, there are some alternative theories on the reason for 

the low-beta premium. One is initially provided by Black (1972), as he claimed the underlying 

reason is borrowing restriction. Introducing this restriction, the SML slope becomes less steep, 

and investors emphasize high beta stocks in their portfolios due to its leverage effect without 

borrowing. This explanation was supported by Asness et al. (2015) as they argued that leverage 

averse investors’ investment targets drive them to use high beta stocks, although employing 

leverage and buying more low-beta stocks would offer better risk adjusted returns. 

Consequently, constrained investors bid on high beta stocks, lowering the returns for those 

stocks, and offering more compelling returns for others that are willing and capable to hold 

low-beta socks. 

 

Frazzini & Pedersen (2014) provided further evidence for the attractive returns for this strategy 

and their version of the factor became the most widely used in later research. They also widened 
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the sample universe by studying 19 international equity markets and a couple of other asset-

classes, and found consistent evidence. They added the betting-against-beta factor to Fama- 

French 3 and 5 factor models as well as CAPM and reported that BAB factor increased the 

significance of results. They create a zero-cost portfolio splitting stocks into two sub-portfolios 

and leveraging the low-beta portfolio to a beta of 1 and deleveraging the high beta portfolio to 

a beta of 1. Going long the low-beta portfolio and shorting the high beta portfolio, one gets a 

zero-cost portfolio that has a market beta of 0. This way the BAB return is purely concentrating 

on the low-cost return generation instead of carrying noise from market movements. 

 

It is the nature of BAB being borne by market restrictions that make its potential to not fade 

away very strong, compared to other factors that caused by phenomena that may be evened out 

by arbitrageurs. Furthermore, the capability to pick industries and individual stocks within 

industry gives the factor a significant magnitude. Especially strong returns are delivered by the 

industry-neutral BAB factor that processes that BAB is not just tilt towards certain industries 

but can pick stocks from within an industry. (Asness, Frazzini & Pedersen, 2014) 

 

3.1.5. Profitability 

 

Quality factors are a relatively new addition to asset pricing models. The quality factor we 

consider is profitability. In 2013, Novy-Marx reported he had found evidence of a robust 

profitability factor. By measuring a companies’ profitability scaled by total assets, the factor 

has cross-sectional explanatory power to expected returns. He used the gross profitability 

measure as proxy for the profitability signal. The relationship is positive which might feel very 

intuitive that companies with larger gross margins per assets generate more attractive returns. 

By adding profitability to the Fama & French 3-factor model or Carhart’s 4-factor model, the 

pricing anomalies yielded by the model would decrease and make the model more accurate.  

 

The RMW (robust-minus-weak) factor gained traction in academia and Fama & French (2015) 

boarded this factor onto their 5-factor model. The factor returns are captured by a zero-cost 

portfolio of long positions in high profitability and short leg of low profitability stocks, giving 

the difference in respective sub-portfolios’ returns. Other suggested proxies for profitability 
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are earnings-based ratios, but they have far less explanatory power according to Novy-Marx 

(2013). 

 

Furthermore, Novy-Marx (2013) concluded that stocks with a high exposure to the profitability 

factor turned out to correlate negatively with high value stocks, giving an efficient hedge to the 

value strategy. This means that the profitability strategy is a growth strategy which offers 

excess returns close to what value strategy does. If we revisit the earlier factor explanation, we 

remember that growth tilted stocks were characterized as firms with more profitable assets; 

recently well performance and momentum increases a stocks’ growth tilt. Hence, intuitively it 

makes sense that high profitability stocks lie high within the growth portfolio and positive 

momentum increases these exposures, assuming rational pricing. Together with the value 

factor, investors can find stocks that are a right combination of value and profitability, and that 

even expensive stock is priced rationally, due to profitability, and not because of inefficiencies 

on the markets. 

 

 Also, the profitability factor had about the same explanatory power as the value factor which 

has consistently proven to have strong cross-sectional explanatory power to expected returns 

of a stock. Thus, the gain from including the profitability strategy is dual-natured. It gives very 

attractive returns on its own but also adding this to a value strategy, overall risk is decreased 

as it gives insurance to the value strategy and grows the opportunity set for an investor. Even 

in case this rational risk-based pricing is disregarded, and behavioural pricing is argued, the 

rationale of profitability works. (Novy-Marx 2013) 

 

3.2. Mixing vs. Integrating 

 

The mixing approach is a simple portfolio combination of single factor long-only portfolios. 

For example, one could put 50% of funds into the top 10%-decile on rank by value and another 

50% into the top 10%-decile on stocks ranked by momentum. That would be a simple mixing 

strategy of two factors, which enables investor to capture the factor return premiums of two 

factors while enjoying the risk profile of a factor diversified portfolio. This is a quite simple 

method to execute and while it does yield excess returns, previous literature suggest it might 

not be a very efficient strategy. (Chow et al. 2018) 
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Figure 3: Mixing Approach. Random values, own calculations 

 

In Figure 3 we picture the investable universe of an investor who ranks by two factors, each 

shown on one of the two axes. Using a mixing approach, the portfolio will include stocks that 

are pictured in blue colour. This figure visualizes that mixing approach, while it captures the 

top quantile on each factor, includes stocks that are very attractive on one factor and very 

unattractive on the other factor measure. This lowers the portfolio exposure on both factors and 

therefore, limits the investor’s capability to reach high exposure to wanted proxies on portfolio 

level. 

 

The integration approach is more widely used by academics and practitioners. The essential 

idea is to measure stocks based on multiple factors simultaneously. Consequently, the approach 

is less clean with the risk exposure to each factor alone. The aim is to reach desired exposures 

to factors on the portfolio level, rather than picking all the stocks included in the best decile of 

a factor. At the same time, this means that there will be no stocks with poor style exposures to 

any factor considered. The approach enables more full set of data used for each stock selection 

decision. This approach is particularly dominant when factor styles are negatively correlated. 

Furthermore, when including more styles in the portfolio construction, the benefits of 

integration gain importance. (Fitzgibbons et al. 2017) 
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Figure 4: Integration Approach. Random values, own calculations 

 

In Figure 4 is again pictured an investable universe for an investor ranking by two factors on 

the two axes. Deploying the integrating approach, investor can leave out stocks that are 

attractive on one factor measure and unattractive on the other, and evaluate the whole universe 

based on both factors similarly. Furthermore, the portfolio will include stocks that are not 

ranked very high on either factor measures but offer attractive characteristics when measured 

on integration approach that would be left out when using mixing approach. They get selected 

through the net exposure to factors considered as they have positive sensitivity to each factor 

but are not best-in-class for any. Nor are they worst-in-class for any either, as they have no 

major negative loading on any factor either. That group of stocks, included in integration 

approach but not in mixing approach is visible in orange on the Figure 5 below.  
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Figure 5: Stocks Only in Integration Approach. Random values, own calculations 

 

The group of stocks integration leaves out but is included in mixing approach belong to top 

group on one factor but also the bottom group ranked by the other factor. This is pictured in in 

Figure 6. Hence, when netting exposure to all factors, the net score/rank is very low and does 

not survive the bottom-up evaluation. If one were to launch a long-short strategy, it is clear that 

they would end up taking long positions on this group in green through factor 1 portfolio but 

would then short the same stocks through factor 2 portfolio, resulting in net-zero position but 

had paid transaction fees on the portfolio construction. Long-short portfolios are not a relevant 

consideration for this paper, but it illustrates that there is a group of stocks in a mixed portfolio 

that are the least attractive, measured on one factor. This group of stocks is marked in green on 

the Figure 6. 
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Figure 6: Stocks Only in Mix Portfolio. Random values, own calculations 

 

The downside of the integration approach is the difficulty with deconstructing the portfolio 

performance to different styles because the portfolio does not include pure exposure to any 

factor. That is why the mixing approach provides a higher level of transparency compared to 

the integration approach. Another advantage mixing approach has is the flexibility and control 

across styles.  

 

More importantly, the integration approach offers more attractive returns than the mixing 

approach. Fitzgibbons et al. (2017) derived an outperformance of 1% on active risk level of 

4%, while information ratio (IR) was 40% higher with the integration approach over portfolio 

mix. The considerable increase in IR was due to higher excess return completely, as the 

tracking error was identical between the two approaches. Furthermore, Novy-Marx (2013) 

found that an integrated portfolio could yield higher return than any individual style portfolio. 

 

Integrating styles may also be a cost-saving strategy that further increases returns net trading 

costs. With the mixing approach, an investor evaluates the same stocks for each factor exposure 

and might be selling and buying the same stocks for single style portfolios resulting in net-zero 

position, creating extra costs. Fitzgibbons et al. (2017) studied these two approaches using two 

style factors and found 5-10% annual reduction in turnover in integrating over the mixing 

approach.  
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Clarke et al. (2016) studied the integration vs mixing approaches with two long-only portfolios 

that combined four style factors: betting against beta, size, value and momentum. Their 

findings provide further support to superiority of the integration approach as the mixed 

portfolio missed less than half of the return potential excess of market’s Sharpe ratio. The 

integrated strategy performed far better than the mixed portfolio. Their bottom-line message 

was to look at stocks as individual options that form a group of styles rather than look at styles 

being groups of individual stocks, meaning that you look at the investable stocks individually 

and estimate their potential to bring style premiums rather than looking at style portfolios as 

the investment opportunities and disable flexibility. 

 

Bender & Wang (2016) evaluated similar data, just using a low liquidity factor instead of BAB. 

Instead of weighting the portfolio equally they calculate factor-specific ranks by raw metrics 

and take the average rank across factor rankings. Then by scaling these figures into weights so 

that they sum to 100%, they conduct a bottom-up weighting scheme. The bottom-up approach 

is superior to any single-factor portfolio or mix of factor portfolios, making it the dominant 

portfolio construction method. At the same time the combination portfolio fails to beat some 

of the single factor portfolios on various risk and return metrics. They point out that the 

integration method captures some cross-sectional characteristics between the factor that are 

non-linear by nature. 

 

Leippold & Rueegg (2018) find contradicting evidence on US equity markets to previous 

literature engaging value, momentum, profitability, size, investment and low volatility style 

exposures using the integration approach. Contrast to previous literature was their multiple 

hypothesis testing framework instead of single hypothesis testing. They found the integration 

approach to show lower variance over time, which is theoretically associated with lower returns 

over long-term. By using portfolio construction methods used in the studies presented above, 

they find no evidence on superior returns of the integration approach over the mixing approach 

and claim previous studies results are due to insufficient testing and their outcomes are bound 

to certain sample sets but do not hold in more rigorous testing.  

 

The research on portfolio construction method in smart beta strategies is in early stages and 

should be evaluated with that in mind. Majority of researchers seem to lean on integration 
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approach’s side and provide more attractive risk-return characteristics. Contradicting views set 

both approaches on same level and argue that integration does not show robust results for such 

a superiority. However, these studies are not arguing the opposite truth either but simply point 

out that either one is not significantly better than the other. 

 

3.3. Factor Correlations 

 

Fama & French (2015) in their study that brought forward their five-factor model found the 

size factor being the only style that correlates positively with the market risk premium factor. 

Value, profitability and investment factors correlated positively across. These two groups had 

all negative correlations to factors in the other group. 

 

Harvey & Liu (2021) studied a wider range of style factors that include all relevant ones for 

our purpose. In their sample, market correlated positively with size and negatively with value, 

momentum, low-beta and profitability. Value, low-beta and profitability factors had positive 

correlations across. Momentum had positive correlation with low-beta and profitability. All the 

correlations, positive and negative, are not very strong. Largest one being between market and 

value of -0.32. This supports the potential diversification power in multi-factor-based 

strategies. 
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4. Performance Evaluation Tools 

 

In this chapter we will introduce necessary performance measurement tools for later 

comparison of different investment strategies in a search of a profitable smart beta strategy. 

Before closer examination of those individual metric, it is necessary to lay some fundamental 

principles and notation of a rational investor who evaluates possible portfolio options based on 

the Mean-Variance-Principle – theory by Markowitz (1952) in his Portfolio Selection article. 

In order to address this trade-off, we employ Sharpe ratio and Information ratio.  

 

4.1. Mean-Variance Principle 

 

Harry Markowitz is known as the father of modern portfolio theory which laid the foundation 

for asset pricing theory to come. Now, many points in this theory have been annulled, but 

considering the time it was created in, it revolutionized financial theory and created a 

framework in which future scholars could efficiently and effectively develop their theories to 

where they are now.  

 

An important dimension Markowitz (1952) formed was the “E-V -rule” comparing the level of 

expected return on variance of returns. From two assets with identical expected returns and 

other characteristics, one should pick the asset with lower risk – variance of returns. He also 

drew attention to diversification by stating that any model that disregards diversification effects 

is simply insufficient and should not be used.  

 

A portfolio is defined as efficient portfolio with a set of weights ωi so that for a level of 

volatility 𝜎𝑟𝑖
 the expected return E[ri] is maximized or, similarly, for a given expected return 

E[ri], the volatility 𝜎𝑟𝑖
 is minimized. We will not be constructing minimum variance portfolios 

in this paper, but all portfolio returns will be measured against the variance of returns and 

different portfolios are compared on risk/return trade-off metrics. 
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4.2. Risk/Return Trade-Off 

 

“There is no such thing as a free lunch” goes the old saying, also written in the book by Milton 

Friedman (1975). This was contradicting the Nobel Prize laureate, Harry Markowitz who wrote 

in his 1952 paper that “Diversification is the only free lunch in investing”. The diversification 

effect is a central argument for multi-factor-based strategies and will be highlighted in this 

paper as well. In the process to sort portfolios based on their ability to generate return on the 

risk they carry, we evaluate them based on three indicators of performance that vary slightly in 

nature. 

 

4.3. Jensen’s Alpha 

 

Jensen’s alpha is used to measure the assets’ distance from SML at the given level of beta. 

Hence, it is the anomaly between the excess return on the asset minus what SML would yield 

given that asset’s sensitivity to the market return. By rewriting CAPM, we can derive Jensen 

alpha. (Bauer et al., 2002) 

 

                          𝐽𝑒𝑛𝑠𝑒𝑛′𝑠 𝐴𝑙𝑝ℎ𝑎 =  𝛼𝑖 = (𝑟𝑖 − 𝑟𝑓) − [ 𝛽𝑖(𝑟𝑚 − 𝑟𝑓) + 𝜀𝑖 ]                          (9) 

 

If CAPM holds, the alpha will equal to zero. However, the empirical evidence suggests the 

contrary and Jensen’s alpha can be used to measure the magnitude of the anomaly. (Bauer et 

al., 2002) 

 

4.4. Treynor Ratio 

 

The Treynor Ratio measures the expected excess return of a portfolio to the expected amount 

of systematic risk on the portfolio. The Treynor Ratio is compatible with the SML and it 

measures the pricing anomaly away from the SML. This gives a proportional risk/return 

measure but is only accounting for systematic risk. Meaning, by hedging market premium 

exposure of portfolio close to zero, one can inflate the Treynor Ratio significantly. That is a 

connection between the scaling denominator in TR and one style factor considered, which 

creates a slightly biased model if one wishes to maximize Treynor Ratio. Creating a portfolio 
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of stocks with negative loading to market factor, we would be accepting negative alphas and 

hence, have a very corrupt performance measurement metric. Ex-post use of Treynor Ratio is 

justified in case, we find the model to have robust explanatory power in estimation of return. 

(Sharpe, 1966) 

 

                                            𝑇𝑟𝑒𝑦𝑛𝑜𝑟 𝑅𝑎𝑡𝑖𝑜 (𝑇𝑅) =  
𝐸[𝑟𝑖] − 𝑟𝑓

𝛽𝑖
                                              (10)  

4.5. Sharpe Ratio 

 

The Treynor Ratio had some shortcomings and William Sharpe took the research a little further 

and generated what is called “Reward-to-Variability ratio” (R/V) in his study published in 

1966, where he studied mutual funds’ performance. This ratio stuck around but the name did 

not as it later on rooted as Sharpe Ratio. The metric substantiates the risk/return relation as the 

excess return of an asset over total risk of returns. Hence, the Sharpe Ratio had an advantage 

over the Treynor Ratio, as it manages to capture the effect of diversification in portfolios. 

Sharpe Ratio includes the idiosyncratic risk together with β, the systematic risk under a total 

risk measuring coefficient σ. Including covariance between assets, the portfolio construction 

method accounts for diversification amongst assets and not only their sensitivity to the joint 

factor, market. This is the idea behind factor investing too which makes Sharpe Ratio a 

particularly useful performance evaluation tool to measure how well a smart beta strategy 

manages to combine stocks with synergy in their characteristics into a portfolio. 

 

                                                            𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜 =  
𝐸[𝑟𝑖] − 𝑟𝑓

𝜎𝑖
                                               (11)   

 

We include both of these as Sharpe (1966) suggested, a cross-comparison can indicate the 

diversification effects, whereas the Treynor Ratio is more likely to have a higher level of 

prediction power compared to his R/V.  
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4.6. Information Ratio 

 

Treynor & Black (1973) created a performance measure that did not indicate the risk and return 

compared to riskless asset but to a relevant market benchmark. The profitability is calculated 

as excess return over benchmark, which is then divided by risk of tracking error, which is the 

standard deviation of the difference between returns on portfolio and the benchmark. Excess 

return is the difference of expected return on portfolio i E[ri] deducted by expected return on 

benchmark E[rm]. Tracking error is the standard deviation of return on portfolio and return on 

benchmark 𝜎𝜀.  

 

                                       𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑖𝑜 =  
𝑒𝑥𝑐𝑒𝑠𝑠 𝑟𝑒𝑡𝑢𝑟𝑛

𝑡𝑟𝑎𝑐𝑘𝑖𝑛𝑔 𝑒𝑟𝑟𝑜𝑟
=  

𝛼𝑖

𝜎𝜀
                                 (12) 

 

The alpha 𝛼 and risk ε are attained from regression of portfolio’s return in excess of risk-free 

rate 𝑅𝑖 to a benchmark’s excess return 𝑅𝑚. 

 

                                                             𝑅𝑖 =  𝛼𝑖 + 𝛽𝑖𝑅𝑚 + 𝜀𝑖                                                          (13) 

 

When a strategy’s main objective is to beat a certain index, then IR is calculated as the excess 

return on the benchmark over the standard deviation of the difference in returns on portfolio i 

and benchmark m.  

 

                                                           𝐼𝑅 =  
𝐸(𝑅𝑖) − 𝐸(𝑅𝑚)

𝜎(𝑅𝑖 − 𝑅𝑚)
                                                        (14) 

 

If the portfolio manages to beat the market benchmark, the ratio will be positive as the 

denominator cannot be negative. Information ratio is a particularly relevant indicator for 

actively managed funds that hold an investment objective to beat a certain index or other 

benchmark. The ratio is widely used for testing portfolio construction methods in factor-based 

strategies as well.  
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4.7. Drawdown 

 

Drawdowns are a central risk measure for trading strategies. We employ maximum drawdown 

(MDD) to measure the downside risk over the sample period. Downside risk is essential to 

include as the critique towards multi-factor strategies is often targeted on the poor performance 

of factor premia in market crises. Hence, including a metric concentrated on the worst of times 

is essential to provide an objective view and avoid biased analysis. Drawdown measures the 

cumulative return against high watermark (HWM) which is the peak of the cumulative return 

over a given time-period: 

 

                                                         𝑀𝐷𝐷𝑡 =
(𝐻𝑊𝑀𝑡 − 𝑟𝑡

𝑐𝑢𝑚)

𝐻𝑊𝑀𝑡
                                                  (15) 
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5. Methodology 

 

This chapter is structured in two parts, where we first introduce to the approach to construct 

the benchmark, smart beta portfolios as well as mixing portfolios. We evaluate on the 

calculation of signals, rebalancing and the weighting scheme used in the thesis. The second 

section defines the empirical tests used to verify an asset pricing model, including the GRS test 

and the Fama-MacBeth approach. 

 

5.1. Portfolio Construction 

5.1.1. Defining an Index 

 

In this paper we aim to benchmark our analysis against the pan-European index STOXX 

Europe 600. Geographically, this includes equities listed in Austria, Belgium, Denmark, 

Finland, France, Germany, Great Britain, Ireland, Italy, Netherlands, Norway, Poland, 

Portugal, Spain, Sweden and Switzerland. With the equities in this investment universe, we 

create a value-weighted portfolio, further referred to as index, that mimics the portfolio of large 

market capitalization stocks in the European stock market. On each rebalancing date, the largest 

600 companies are selected and weighted based on their market capitalization. The market 

weight 𝑤𝑖,𝑡 for security i at time t is calculated using equation 15, where the previous trading 

day’s market capitalization is used to avoid look-ahead biases. Value weighting is a very 

common practice for indexes and index funds. It avoids a bias for such portfolios that include 

large variety of firms sizes. Value weighting ensures the proportional stake in each firm 

included in the portfolio is equal. For example, an equal weighting method would place far 

higher proportional ownership in small cap firms than large cap firms within the portfolio. As 

small cap stocks have less liquidity and hence, higher transaction costs, value weighting 

reduces fees for a strategy, improving performance measures net of fees (Pástor & Stambaugh, 

2003, Korajczyk 2004). Furthermore, market capitalization size has negative relation to risk 

and by loading disproportionate risk exposures in case of equal weights, as large stakes in small 

cap firms would increase the risk of the portfolio significantly (Chan & Chen, 1991). 

 

𝑀𝑎𝑟𝑘𝑒𝑡 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑖 = 𝑆ℎ𝑎𝑟𝑒 𝑃𝑟𝑖𝑐𝑒𝑖 ∗ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠ℎ𝑎𝑟𝑒𝑠 𝑜𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖           (16) 
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𝑤𝑖,𝑡 =  
𝑚𝑎𝑟𝑘𝑒𝑡 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑖,𝑡−1

∑ 𝑚𝑎𝑟𝑘𝑒𝑡 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑖,𝑡−1
𝑛
𝑖=1

                                              (17) 

 

With the individual weights gathered from Equation (17) we calculate portfolio returns at 

rebalancing time t as a weighted average of daily returns 𝑟𝑖,𝑡:  

 

𝑟𝑝,𝑡 =  ∑ 𝑤𝑖,𝑡 ∗ 𝑟𝑖,𝑡

𝑁

𝑖=1

                                                               (18) 

 

Note that 𝑤𝑖,𝑡 is different from 𝑤𝑖,𝑡+1 if 𝑟𝑗,𝑡 ≠ 0 for all j. Therefore, for non-rebalancing dates, 

the portfolio return is calculated as a cumulative return per position, where the sum of positions 

is scaled to sum to 1. For further simplification, the portfolio return 𝑟𝑝,𝑡 is converted to log-

returns, as log-returns are additive over timeseries.  

 

𝑟𝑝,𝑡
𝑙𝑜𝑔

= ln(1 + 𝑟𝑝,𝑡)                                                             (19) 

 

The index serves as the index portfolio, i.e., as the benchmark for the various smart beta 

strategies as alternative investment strategy. For each date, the constituents of the index define 

the sub-investment universe, which bypasses any possible survivorship biases. The constituents 

are updated on a quarterly basis, where rebalancing takes place in the third week of a new 

quarter. In case of delisting, the study follows Piotroski (2000) and assumes a return of 0%.  

 

5.1.2. Smart Beta Portfolio Construction 

 

Each of the smart beta portfolios is constructed to consist of on average 60 individual stocks to 

maintain comparability in the risk/reward measures. Similar to the index, the rebalancing dates 

are set to the third week of each quarter. The constituents are selected based on their respective 

factor exposure. At rebalancing, a security needs to rank above N other securities in each 

desired factor. Additionally, the sum of rankings needs to exceed N*K, where K is the number 

of factors considered. Through this integration approach we limit undesired exposure to certain 

characteristics. Note that N is portfolio-specific and a time-varying variable that ensures that 
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for each rebalancing date approximately 60 securities are selected. The number 60 is selected 

as it accounts for the upper 10%-decile of our investable universe. Capturing long position in 

10% best-in-class stocks and short 10% worst-in-class on factor measures is the most popular 

method within factor investing (Pedersen, 2019). As we are constructing long-only strategies, 

we will settle with this long position which sets our portfolio size to 60 stocks. Intuitively, the 

more factors are included, the lower N needs to be set to capture enough securities. The 

conditions to be included in the smart beta portfolio are summarised in Equation 20 and 

Equation 21.  

 

I:  𝑟𝑎𝑛𝑘𝑖,𝑡(𝑠𝑖𝑔𝑛𝑎𝑙𝑥) > 𝑁      ∀ 𝑓𝑎𝑐𝑡𝑜𝑟𝑠 𝑥 = 1, … , 𝐾                                                        (20) 

II:  ∑ 𝑟𝑎𝑛𝑘𝑖,𝑡(𝑠𝑖𝑔𝑛𝑎𝑙𝑥)𝐾
𝑥=1 > 𝑁 ∗ 𝐾                                                                                         (21) 

 

The individual weights are calculated by applying the ranking-based weighting scheme 

introduced by Bender & Wang (2016) to initial equal weighting. Each security’s rank in a factor 

serves as a multiplier for the base weight. For each factor, the products of rank and base weights 

are rescaled to sum to 100%. Finally, an individual securities’ weight in the portfolio is 

calculated as the mean of the weights per factor. (Bender & Wang, 2016) 

 

 

Table 1 Ranking Method Example. 

 

Weighting with ranks brings two advantages: First, tilting away from equal weights allows 

securities with high factor exposure to also have a higher weight in the portfolio, and vice versa. 

Simultaneously, as described by Asness et al. (2013), using ranks mitigates the influence of 

Factor 1 Factor 2 Factor 1 Factor 2 Factor 1 Factor 2 Factor 1 Factor 2

Stock 1 10% 0.34 14.0 7 5 0.7 0.5 12.73% 9.09% 10.91%

Stock 2 10% 0.18 17.3 8 1 0.8 0.1 14.55% 1.82% 8.18%

Stock 3 10% 0.40 13.2 6 6 0.6 0.6 10.91% 10.91% 10.91%

Stock 4 10% 0.13 12.7 9 7 0.9 0.7 16.36% 12.73% 14.55%

Stock 5 10% 0.79 8.6 3 10 0.3 1.0 5.45% 18.18% 11.82%

Stock 6 10% 0.04 16.2 10 2 1.0 0.2 18.18% 3.64% 10.91%

Stock 7 10% 0.54 15.6 5 3 0.5 0.3 9.09% 5.45% 7.27%

Stock 8 10% 0.58 9.8 4 9 0.4 0.9 7.27% 16.36% 11.82%

Stock 9 10% 0.85 11.4 2 8 0.2 0.8 3.64% 14.55% 9.09%

Stock 10 10% 0.93 14.3 1 4 0.1 0.4 1.82% 7.27% 4.55%

Stock #

Raw Metric Rank Rank x starting weight Rescaled weight
Rescaled 

final weight

Starting 

weight
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extrema in the portfolio, and, therefore, is more robust than the application of factor loadings 

directly.  

 

5.1.3. Mixing Portfolio Construction 

 

We use a simple mixing approach for constructing identical factor combinations to the smart 

beta portfolios. The sub-portfolios i.e., our single-factor portfolios are defined in chapter 5.3 

and weighted by ranking method described in chapter 5.1. In the mixing portfolios, the sub-

portfolios are assigned equal weights. This means, in a two-factor portfolio, both single-factor 

portfolios have a weight of 50%, three-factor portfolios are assigned 33% weights et cetera.  

 

5.1.4. Factor Signals 

 

Size Signal 

We use size factor suggested by Banz (1981) and Fama & French (1993) to control for size 

factor premium. The stocks are ranked based on market capitalization from small to large cap, 

and the smallest 10%-decile will be used for the single-factor sub-portfolio. Furthermore, 

stocks in that portfolio will be ranked in descending order and highest market cap stock within 

the portfolio will receive rank number 1 with series running towards small cap end for. Market 

capitalization is calculated as in Equation (16). 

 

Value Signal 

The value of a security is measured using the traditional and most common approach of 

dividing the book value of equity by the market capitalization. The B/M ratio has been subject 

of numerous research papers, see for example Fama and French (1992, 2016), Asness (1997) 

and Asness et al. (2013). Similar to Asness et al. (2013) we calculate the B/M-ratio as the 6-

month lagged book value of equity divided by the most recent market value of equity to avoid 

possible look-ahead biases. All values are converted to Euro to ensure comparability.  

 

We rank the stock universe based on book-to-market ratios ahead of rebalancing date and 

construct the single factor value portfolio by including 10% stock from the high end. Stocks 

within that sub-portfolio will be ranked starting with lowest B/M getting rank number 1 
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upwards for portfolio weighting. We rebalance the portfolio quarterly, more precisely the third 

week of the quarter. 

 

Momentum Signal 

The momentum factor has been thoroughly examined in the academic literature by e.g., 

Jagadeesh and Titman (1993), Fama and French (1996) or Carhart (1997). In this paper we 

follow Asness et al. (2013) and calculate the momentum signal as the cumulative log-return of 

an asset over the past 12-1 months. The most recent month is excluded to account for stock 

return reversal (Asness et al., 2013). Although other timeframes have shown predictability in 

returns, e.g., 6-12 months by Novy-Marx (2012), we focus on the most common approach to 

ensure comparability to previous literature’s results. The momentum signal is calculated as: 

 

                                                             𝑊𝑀𝐿𝑖 = ∑ 𝑟𝑖
𝑙𝑜𝑔

𝑡−1

𝑖=𝑡−12

                                                      (22) 

 

Hence, the stocks are ranked based on this cumulative log returns over the past year, excluding 

most recent month. We do similar 10%-decile sub-portfolios of which we will select the 

portfolio with highest momentum signal for our single-factor portfolio and mixing approach 

consideration. The ranks are updated quarterly at which time we will rebalance the portfolios 

according to the new weights. 

 

BAB Signal 

Introduced by Frazzini and Pedersen (2010), the betting against beta factor tries to capture the 

historically significant outperformance of low-beta equities. We follow the same principles in 

calculating the ex-ante beta values:  

                                                                  �̂�𝑖
𝑡 = �̂�𝑖,𝑚

�̂�𝑖

�̂�𝑚
                                                            (23) 

�̂�𝑖
𝑡 defines the estimated ex ante beta for asset i at time t. �̂�𝑖,𝑚is the correlation between the 

market portfolio’s overlapping 3-day log-returns with the security’s overlapping 3-day log-

returns. Using the overlapping 3-day returns 𝑟𝑖,𝑡
3𝑑 = ∑ ln (1 + 𝑟𝑡+𝑘

𝑖 )2
𝑘=0  accounts for non-

synchronous trading between the market and security.  �̂�𝑚 and �̂�𝑖 are the standard deviations 
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of market and security log-returns, respectively. Correlation is assumed to move slower than 

volatility and, therefore, a window of 5 years, with minimum of 3 years of data, is 

recommended to calculate �̂�𝑖,𝑚. Volatilities are calculated based on the previous year’s returns, 

with a minimum 6 months of data. (Frazzini & Pedersen, 2010) 

 

Stocks are ranked based on their market betas and we take the lowest 10%-decile of betas to 

represent the low-beta single-factor portfolio and further used in the mixing approach. The 

rebalancing frequency is identical to value and momentum factor portfolios, which is quarterly. 

 

Profitability Signal 

As thoroughly described by Novy-Marx (2013), the profitability signal robust-minus-weak 

(RMW) measures companies’ gross profitability. As the ratio is based solely on accounting 

information, the updates are annual unlike previous factors which restricts from more frequent 

rebalancing. Gross profitability is measured as: 

 

                                   𝐺𝑟𝑜𝑠𝑠 𝑃𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦
𝑡

=
𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡−1 − 𝐶𝑂𝐺𝑆𝑡−1

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑡−1
                              (24) 

 

We rank our universe based on gross profitability signal and divide the universe in 10%-deciles. 

The highest decile will be our robust portfolio for the single-factor profitability portfolio. In 

addition, this portfolio will be considered in the mixing approach.  

 

5.1.5. Trading Costs 

 

Transaction costs are highly relevant for all investors in practice. Most of the research on this 

topic ignored trading costs and offer results that are unachievable in real life. These costs 

mainly consist of trading-based fees and leverage, in form of financing costs. Due to the scope 

of this paper being long-only strategies, assessment of leverage and shorting borne fees are not 

relevant and we will neglect these type of transaction costs. We implement estimations of 

transaction costs into all of the portfolios on trade-basis. The objective with trading costs is 

simple and realistic adjustment to portfolio returns. As the main comparison in this paper is 

smart beta strategies against each other and an alternative index strategy, a simplified and 
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consistent proxy for transaction fees will suffice. Our investable universe consists of large 

market capitalization stocks which are associated with lower transaction costs thanks to high 

level of liquidity. Furthermore, the proportional stakes in companies are insignificant with very 

large cap stocks. When the market cap of firm decreases, the costs increase as liquidity levels 

are assumed to fall with market cap size. The level of trading activity is dictating trading costs. 

Our strategies, being rather passively managed, should not incur very high trading costs. The 

trading costs have large discrepancies between factors as some factors are more persistent than 

others. For example, the momentum strategy has very high turnover due to its short-term nature 

whereas profitability, RMW, creates very low turnover in the single factor portfolio. The low 

turnover of RMW is due to the annual updates in the signal as the data comes from financial 

reports and therefore, there are no changes in the factor loadings of stocks through the year. 

 

Pedersen (2019) suggests there exists two main types of costs related to trading. Fist, the 

financing cost of leveraged position. Due to the long-only nature in the study, we can disregard 

the cost of financing altogether. Second source of costs is activity-based trading costs, which 

incur at rebalancing of the portfolio. As the research framework regards possible strategy which 

could be implemented in a form of ETF, we use approximation for trading costs for a major 

institutional market participant to be around 1.5 basis points (M. Richter, personal 

communication, May 5, 2021). Turnover metric is employed to measure the trading activity 

required by each smart beta strategy. Turnover is calculated by summing the absolute 

difference in each position’s value Vi at rebalancing date t and t-1, divided by the portfolio’s 

value Vportfolio at time t: 

 

𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑡 =
∑ ∣ 𝑉𝑡,𝑖 − 𝑉𝑡−1,𝑖 ∣𝑛

𝑖=1

𝑉𝑡,𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜
                                         (25) 

 

Calculating the trading costs require a measure of trading activity, for which we account via 

turnover ratio. We use the approximation of 1.5 basis points of each trade by multiplying the 

trading cost with the sum of value of trades at every re-balancing date. 

 

𝑇𝑟𝑎𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠𝑡 = 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑡 ∗ 𝑉𝑡,𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 ∗ 1.5𝑏𝑝𝑠                             (26) 
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This trading cost is subtracted from the value of portfolio. We keep the proportions of the single 

positions as they were at rebalancing, and can update the net-of-fees value of each position Vt,i 

by multiplying the weights with portfolio value net of fees, (Vt,portfolio-Trading costst). 

 

5.2. Asset Pricing Models Test 

 

The goal of this section is to create a link between smart beta investing and theoretical asset 

pricing models. As we use factors commonly regarded as explaining the cross-section of 

expected returns, it is not our aim to introduce new factors, but rather to apply common 

statistical tests to our investment universe. We introduce the Gibbons, Ross and Shanken 

(1989) test to verify if one of the proposed asset pricing models can explain timeseries alphas 

in-sample. Additionally, we analyse the cross-section of returns and estimate risk premia of 

factors by applying a variant of the Fama and MacBeth (1973) regression. Importantly, the 

empirical tests of factor models are conducted ex-post, over the entire sample period. The 

results of these tests do not influence the selection of factors or the strategy involved but serve 

as an ex-post analysis of factor loadings and help explain certain out- or underperformance. 

 

For all empirical tests we form decile portfolios according to each of the five styles. Opposing 

to regressing on individual securities, this allows for individual securities’ time varying factor 

loadings. Each of the respective portfolios is rebalanced to ranking-based weights on a 

quarterly basis. For all timeseries OLS regressions we account for autocorrelation and 

heteroscedasticity by applying Newey-West’s (1986) correction for error terms. The number 

of lags is approximated according to Greene (2012) as 𝑇
1

4⁄ , where 𝑇 defines the number of 

periods. In our paper, we test significance of the following models:  

 

I. 𝑅𝑖 − 𝑅𝑓 = 𝛼𝑖 + 𝛽𝑖(𝑅𝑚 − 𝑅𝑓) 

II. 𝑅𝑖 − 𝑅𝑓 = 𝛼𝑖 + 𝛽1𝑖(𝑅𝑚 − 𝑅𝑓) + 𝛽2𝑖𝑆𝑀𝐵 + 𝛽3𝑖𝐻𝑀𝐿 

III. 𝑅𝑖 − 𝑅𝑓 = 𝛼𝑖 + 𝛽1𝑖(𝑅𝑚 − 𝑅𝑓) + 𝛽2𝑖𝑆𝑀𝐵 + 𝛽3𝑖𝐻𝑀𝐿 + 𝛽4𝑖𝐵𝐴𝐵 

IV. 𝑅𝑖 − 𝑅𝑓 = 𝛼𝑖 + 𝛽1𝑖(𝑅𝑚 − 𝑅𝑓) + 𝛽2𝑖𝑆𝑀𝐵 + 𝛽3𝑖𝐻𝑀𝐿 + 𝛽4𝑖𝑅𝑀𝑊 

V. 𝑅𝑖 − 𝑅𝑓 = 𝛼𝑖 + 𝛽1𝑖(𝑅𝑚 − 𝑅𝑓) + 𝛽2𝑖𝑆𝑀𝐵 + 𝛽3𝑖𝐻𝑀𝐿 + 𝛽4𝑖𝑀𝑂𝑀 

VI. 𝑅𝑖 − 𝑅𝑓 = 𝛼𝑖 + 𝛽1𝑖(𝑅𝑚 − 𝑅𝑓) + 𝛽2𝑖𝑆𝑀𝐵 + 𝛽3𝑖𝐻𝑀𝐿 + 𝛽4𝑖𝑀𝑂𝑀 + 𝛽5𝑖𝑅𝑀𝑊 +

𝛽6𝑖𝐵𝐴𝐵 
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5.2.1. GRS Test 

 

Harvey et al. (2016) describe the desirable effects of out-of-sample tests to define relevant 

factors, but also mention a caveat in financial economics: the non-feasibility of novel data. In 

contrast to e.g., physics where millions of new observations can be generated “on the spot” to 

test hypotheses, real out-of-sample and testable data in financial economics takes years to 

collect. A common method is to split data in an “in-sample” part and an “out-of-sample” part; 

however, all data is still observable by investors, regulators and researchers, and, therefore, 

does not represent true out-of-sample financial data. (Harvey et al., 2016) 

 

This also motivates the ex-post test design of the Asset Pricing models. For each of the 10 

decile portfolios we run OLS regressions over the entire timeframe T to obtain an intercept 𝑎𝑖. 

To test the joint significance of intercepts for an asset pricing model, we apply the Gibbons-

Ross-Shanken (GRS; 1989) test.  

The test has the joint hypothesis that 𝐻0: 𝑎𝑖 = 0 for all i=1, …, N. Therefore, individual 

intercepts may deviate from zero, but, if an asset pricing model is true, all intercepts are jointly 

insignificantly different from zero. (Campbell et al., 2010) 

 

Suppose we test a model with K factors on N portfolios, where factors represent portfolio 

excess returns. The asset pricing model can be defined as: 

 

𝑍𝑡 = 𝑎 + 𝐵𝑍𝐾,𝑡 + 𝜖𝑡      𝑤ℎ𝑒𝑟𝑒 𝐸[𝜖𝑡] = 0                                         (27) 

Z and ZK are the (Nx1) vector of excess returns of portfolios and factors, respectively. B defines 

the (NxK) matrix of factor loadings. 𝑎 is the (Nx1) vector of regression intercepts, 𝜖 the (Nx1) 

vector of residuals, and 𝐸[𝜖𝑡𝜖𝑡
′] = Σ of the error terms. Under the assumption of IID returns 

and jointly normally distributed 𝜖𝑡 the finite sample test-statistic is defined as: 

 

𝐽1 =
𝑇 − 𝑁 − 𝐾

𝑁

�̂�′Σ̂−1�̂�

(1 + 𝜇𝐾
′Ω−1𝜇𝐾)

 ~ 𝐹(𝑁, 𝑇 − 𝑁 − 𝐾)                            (28) 

 

where Ω describes the (KxK) covariance matrix of factor portfolio excess returns and 𝜇𝐾 

defines the (Kx1) vector of mean factor excess returns. As one can observe in the formula, the 
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more the individual 𝑎𝑖 deviate from zero, the larger the test statistic and, inherently, the larger 

the p-value (ceteris paribus). Under the given assumptions, the GRS test follows a 𝐹-

distribution with N df1 in the numerator and T – N – K df in the denominator. (Campbell et al, 

2010) 

 

The GRS test is run for every set of style portfolios to test whether sorting by specific styles 

influences the power of a model. If one of these models is the true asset pricing model, 𝑎 should 

be statistically insignificantly different from zero for all portfolio sorts.  

 

Importantly, the GRS test measures whether all factors jointly describe the excess returns of a 

test asset. Therefore, if, for example, model M1 and model M2 both reject 𝐻0, the value of the 

GRS test is not suitable to draw inference to the superiority from one model to the other. 

Intuitively, a smaller GRS test implies better performance of the model, but the setup does not 

allow for testing of significant outperformance of that model. (Harvey & Liu, 2021)  

 

Harvey and Liu (2021) criticise that the GRS test is not appropriate for testing with large N and 

relatively small T. Additionally, Affleck-Graves and McDonald (1989) mention that 

nonnormal distribution of the error-terms has potential to weaken the GRS test’s power and 

size. To overcome these caveats, we refer to the bootstrapping approach to resample time 

periods as thoroughly described by Harvey and Liu (2021).  In this paper, we are not applying 

a bootstrapping approach to verify results mainly due to scope and time limitations.  

 

5.2.2. Fama MacBeth Approach to Cross-Sectional Regressions 

 

The Fama-MacBeth (1973) approach is helpful to estimate the risk premia associated to a 

specific factor while accounting for cross-sectional correlation in the error terms. If a suggested 

model is true and can fully explain expected returns, the intercept is statistically insignificant. 

The coefficients of the factors are associated to their risk premium. The FMB regressions help 

explain certain under- or overperformance and can build connections between different factors. 

Like the GRS test, each asset pricing model is tested for each set of portfolio sorts to detect 

these connections. 

 
1 df = degrees of freedom 
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To perform the analysis, first we use rolling OLS timeseries regressions for each asset pricing 

model. The window-size is set to 5 years (60 monthly observations), aligned with Adrian et al. 

(2014). For the total period from January 2002 until December 2020 we obtain 227-60 monthly 

estimates for each intercept and factor loading. We present our approach applied to the CAPM 

but allow for other factors to be included. The analysis is described by Cuthbertson and 

Nitzsche (2007) in 3 steps: 

 

1. We run OLS time-series regressions for each t=61, …,228:  

 

(𝑅𝑖 − 𝑅𝑓)
∆

= 𝛼𝑖,𝑡 + 𝛽𝑖,𝑡(𝑅𝑚 − 𝑅𝑓)
∆

+ 𝜀∆                                    (29) 

 

where ∆ defines the timeframe as t – 60, …, t – 1.  𝛼𝑖,𝑡 and 𝛽𝑖,𝑡 define regression intercept 

and market beta at time t for test asset i.  

2. The second step is to run a cross-sectional regression for each month t of the form: 

  

(𝑅𝑖,𝑡 − 𝑅𝑓,𝑡) = 𝛾0,𝑡 + 𝛾1,𝑡�̂�𝑖 + 𝑢𝑖,𝑡                                       (30) 

 

where �̂� represents the estimated regression coefficient estimated in step 1. The left-

hand side is the excess return of the test asset at time t.  

 

3. The last step is to consolidate the findings of the T=227-60=167 cross-sectional 

regressions to one statistic for each parameter. The following formulas are used to take 

the average of the cross-section estimates: 

 

�̃� =
∑ 𝛾𝑡

𝑇
𝑡=1

 𝑇
  and  �̃�2 =

1

𝑇(𝑇−1)
∑ (�̂� − �̃�)2𝑇

𝑡=1            (31) (32) 

 

For IID and normally distributed returns, the test statistic of each parameter follows a 

Student’s-t distribution with the degrees of freedom set to T - 1=166: 

 

𝑡𝛾 = �̃�
�̃�⁄                                                                                 (33) 
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The Fama-Macbeth approach in our setting is used to define which risk premia a certain 

portfolio sort associates with the factors. The factors are mimicked by pan-European factor 

portfolios provided by French and AQR’s data library. We present risk premia associated to 

CAPM, FF3, FF3 + WML, FF3 + RMW, FF3 + BAB as well as FF3 + WML + RMW + BAB. 

Theoretically, the implication for CAPM to be true are �̃�0 = 0,  �̃�1 = 𝐸[𝑅𝑚 − 𝑅𝑓], and �̃�𝑖 = 0 

for any additional factor i (Fama & French, 1992). 

 

Additional factors are added to the Fama French 3-factor model to build more robust estimates 

of the risk premium. Excluding factors that have already been widely accepted in academics 

bears the risk that a newly introduced factor exploits the same anomaly. According to Fama 

and French (1992), the significance of an anomaly must be tested not on CAPM, but on a model 

including SMB and HML as the excess return might have already been priced by those.  

The setup of the Fama Macbeth approach leads to an “errors-in-variables” bias. If the �̂� (used 

for the cross-sectional regression in step 2) are estimated with error in step 1, the �̃� is biased. 

A possible solution on stock-level is to form many portfolios (e.g., 100) and calculate factor 

loadings for each portfolio. Each individual stock will then be assigned one of the factor 

loadings (Cuthbertson & Nitzsche, 2007). Due to the relatively small cross-section of our 

investment universe (max. 600 at any time t) we accept the possible understatements of risk 

premia.  

Roll (1977) criticises that for any ex-post efficient portfolio a subsample of the portfolio will 

show linear dependency between average returns and beta. The main critique is that in practice, 

the market portfolio (including commodities, human capital, real estate, stocks, bonds, etc.) is 

not observable and can only be estimated. Therefore, the only testable implication of the CAPM 

is whether the chosen market portfolio is efficient. Cuthbertson and Nitzsche (2007) conclude 

that even with an imperfect estimation of the market portfolio, testing the CAPM is informative 

and helps to understand return equilibria.   

 

One critique of the Fama MacBeth approach is that it cannot capture dynamic, time-varying 

loadings to a factor (Cochrane, 2005). For example, if a factor loading is identical in cross-

section but moves across time, the cross-sectional regression will not be able to explain 

expected returns. For further research we suggest assigning z-scores to factor loadings to create 
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constant factor loadings in the time-series. This controls for differences in distribution and 

enables to obtain more robust estimates using the Fama Macbeth regressions.    

 

5.2.3. Autocorrelation 

 

Different statistical tools assume that observations are independently and identically distributed 

over time. This also implies that autocorrelation must be zero across lags. We test this 

assumption by applying a portmanteau test and analysing the linear dependence in portfolio 

returns. The tests are obtained on monthly returns for all 1-factor decile portfolios. Similar 

results are expected for smart beta portfolios as the constituents are subsets of the decile 

portfolios.  

 

Note that momentum and positive autocorrelation are two different concepts. While 

momentum is a cross-sectional analysis of “winners minus losers”, autocorrelation focuses on 

the timeseries of a single asset. Lo and MacKinley (1991) argue that both concepts are 

interlinked and assume autocorrelation to be one of the drivers of the WML risk premium.  

 

We deem the Ljung-Box appropriate for our purpose as the significance of multiple lags is 

tested simultaneously. Additionally, the Ljung-Box test has proven to be more robust for small 

sample sizes than the Box-Pierce test. The statistic is calculated as a modified 𝜒𝑚
2 -distributed 

Q-statistic (𝜚∗):2  

 

𝜚∗ = 𝑇(𝑇 + 2) ∑
�̂�𝑘

2

𝑇 − 𝑘

𝑚

𝑘=1

      ~   𝜒𝑚
2                                                        (34) 

 

where �̂� defines the autocorrelation coefficient, 𝑇 the sample size, 𝑚 the maximum lag length 

and 𝑘 the lag order. For each lag 𝑘, the autocorrelation coefficients are squared to avoid netting 

out of estimates as Ljung-Box tests whether all �̂�𝑘 for k=1, …, m are simultaneously 

insignificant. (Brooks, 2014) 

 

 
2 The link between Ljung-Box and Box-Pierce test becomes apparent when T approaches infinity, and (𝑇 + 2) 

and (𝑇 − 𝑘) cancel out (Burns, 2002). 
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The hypothesis of the test is summarized as: 

 

𝐻0:       𝜏𝑘 = 0 ∀ 𝑘 = 1, … 𝑚 

𝐻𝐴:       ∃  k ∈ 1, … m  s. t.  𝜏𝑘 ≠ 0  

 

Under 𝐻0, autocorrelation for each lag 𝑘 is jointly indistinguishable from zero. 𝐻0 is rejected 

if there exists at least one lag in the timeseries with statistically significant autocorrelation 

(Brooks, 2014).   
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6. Data Analysis 

6.1. Data 

This chapter gives an overview of the sample used in the empirical analysis of this paper. As 

the hypotheses are focused on the European financial market, the sample data comprises 

equities listed on different European stock exchanges. The return data was obtained via 

Refinitiv Datastream. Company fundamentals are accessed via Worldscope Fundamentals 

Point in Time data, which is part of the Refinitiv Datastream database. For the empirical 

analysis of the different Asset Pricing Models, we refer to French’s data library, where long-

short portfolios for the European equity market are provided. Additionally, we use AQR’s 

historical daily data for the Betting Against Beta factor returns for European equities. Instead 

of calculating factor portfolios for our sample of European equities we refer to these sources 

as they serve as proxy for the entirety of the European stock market’s factor exposure.  

 

6.1.1. Timeframe 

 

The analysis period spans a total of 19 years, form 01/01/2002 until 31/12/2020. We require 

securities to have a minimum of 3 years consecutive, precedent trading data to be considered 

for the investment universe, which implies that the entirety of the data starts on January 1st, 

1999. The timeframe includes less volatile markets, but also turbulent periods such as the 

subprime mortgage crisis in 2008/2009 or, most recently, the Covid-19 caused market frenzies 

throughout 2020. Assessing performance during these periods will be especially relevant for 

risk measures.   

 

6.1.2. Data Tools 

 

We use Python and Stata programmes to execute our empirical analysis and relevant data 

testing. Both of the tools are classical software for programming and give far greater 

possibilities than Excel but more importantly, are capable of handling large sets of data. The 

main programme used is Python but due to different advantages between the two, we used Stata 

for certain tasks, mainly in the data filtering and sorting part. 
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6.1.3. Pre-Processing the Data 

 

To be considered for one of the various smart beta strategies, we require data to be available 

for five years (three years minimum) prior to inclusion, similar to Asness et al. (2013) and 

Frazzini & Pedersen (2014). Furthermore, to ensure full availability of past data, securities are 

reindexed to their country- and holiday-specific trading calendars. Securities for which a 

minimum of 3-year data is unavailable prior to index-inclusion are excluded from the analysis. 

Similar to Asness et al. (2013), securities are not included if they trade below €1 at the 

beginning of the respective month. As a result, the investment universe consists of highly liquid 

securities, which can be traded at reasonable cost and in reasonable size, while keeping trading 

costs low (Asness et al., 2013). 

 

6.2. Descriptive Statistics of Constituents 

 

Table 2 summarizes the moments of the constituents of the index, grouped by country. For 

each security, we calculate mean, volatility, skewness and kurtosis based on monthly log-

returns. On one note, this table does not depict the average log-return when following a 

country-specific strategy. Rather, it shows the average log-return of a security listed in that 

country. The values differ as individual securities are included for periods unequal in length.  

 

The third moment of a distribution, i.e., the skewness, defines the distribution of extrema. A 

negatively skewed series shows more outliers below the mean, and vice versa. Historically as 

well as in our sample, returns are on aggregate negatively skewed, which implies more extreme 

negative returns.  

 

The log-returns in the index are, on average, leptokurtic, a behaviour Cont (2000) describes as 

typical in return data. The excess kurtosis describes a distribution’s density around the mean, 

where positive excess kurtosis is characterized by fatter tails. Therefore, when comparing the 

data to a normally distributed random variable with similar standard deviation, we observe 

more extreme realizations. This poses a challenge specifically for assessing risk, as defining 

the exact distribution is strongly sensitive to outliers and noise (Cont, 2000).  
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Descriptive Statistics for Monthly Log-Returns of Equities while included in the Index 

The table shows the first four moments of the monthly log-returns grouped by country. The statistics are calculated on a security level. We present mean, 

standard deviation, skewness as well as kurtosis.  

    historical average log return volatility skewness kurtosis 

country   min 

average 

across 

securities 

max min 

average 

across 

securities 

max min 

average 

across 

securities 

max min 

average 

across 

securities 

max 

Austria   -6.12% 0.09% 4.65% 1.82% 9.69% 31.50% -4.94 -0.52 2.27 -0.81 4.43 28.87 

Belgium   -6.04% 0.14% 4.30% 0.08% 7.36% 16.20% -5.95 -0.45 1.54 -1.86 3.98 57.81 

Denmark   -8.60% 0.55% 4.44% 5.68% 9.16% 18.45% -2.23 -0.55 0.68 -1.49 2.13 10.38 

Finland   -5.27% 0.50% 2.65% 4.01% 8.81% 12.61% -1.49 -0.35 1.06 -0.83 2.18 10.17 

France   -20.57% 0.03% 10.58% 0.53% 8.83% 24.95% -4.17 -0.39 3.66 -2.12 3.14 25.49 

Germany   -19.08% -0.21% 6.36% 1.03% 9.49% 32.74% -6.61 -0.41 2.54 -5.76 2.95 51.72 

Great Britain   -99.05% -0.97% 6.95% 0.85% 10.02% 76.69% -7.02 -0.62 2.20 -5.45 3.35 54.76 

Ireland   -15.25% -1.30% 1.53% 5.64% 12.11% 23.09% -3.54 -1.10 0.11 -1.03 3.88 14.53 

Italy   -9.58% 0.25% 15.44% 2.35% 8.78% 43.27% -4.20 -0.33 1.73 -5.95 1.93 19.28 

Netherlands   -12.06% -0.28% 5.59% 1.43% 9.33% 21.41% -5.50 -0.56 1.98 -2.50 3.71 61.48 

Norway   -18.82% -0.28% 14.09% 4.83% 11.30% 25.62% -3.69 -1.01 0.22 -1.05 4.26 20.65 

Poland   -5.70% -0.43% 4.66% 4.59% 10.03% 13.53% -1.54 -0.40 1.18 -1.02 1.79 7.73 

Portugal   -1.62% -0.16% 1.45% 4.05% 7.66% 10.09% -2.25 -0.73 0.64 0.40 3.86 14.96 

Spain   -5.22% 0.16% 8.86% 0.32% 7.83% 13.61% -4.59 -0.34 2.43 -2.49 3.08 35.65 

Sweden   -10.52% 0.65% 9.43% 2.96% 9.00% 19.14% -2.56 -0.30 1.63 -5.05 1.48 11.01 

Switzerland   -9.49% -0.03% 3.68% 2.82% 8.00% 20.30% -4.73 -0.41 3.54 -4.19 3.35 38.83 

Table 2: Descriptive Statistics of Monthly Log Returns for Securities while Included. Source: Refinitiv Datastream, own calculations 
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Figure 7  gives an overview of the securities’ Sharpe Ratio as calculated by equation 11. Over 

the analysis period, an average security shows positive risk/return trade-off in approximately 

half of the countries, where the negative trade-offs seem to outweigh the positive. Once again, 

the Sharpe Ratio is calculated on a securities’ monthly log-returns, and an average Sharpe Ratio 

per country is shown in the graph. 

 

In Table 3 we depict the geographical distribution of the index. Over the sample period, Great 

Britain contributes most both in absolute number of securities, as well as in relative weight 

(25.07%). France (17.42%), Switzerland (12.49%) and Germany (12.20%) are also the major 

economies within the index universe. The remaining countries contribute on average 32.82% 

to the index. More detailed graphical presentation on country exposure of index over the sample 

period is available in Appendix A. 

  

Figure 7: Sharpe Ratio of an Average Security per Country. Source: Refinitiv Datastream – own calculations 
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Geographical Distribution of the Equities in the Index 

The table states the geographical distribution of the securities included in our constructed index. 

We state the contribution both in absolute and relative terms. Average market value and average 

weight are stated as average values over time. Therefore, the weights do not sum to 100%. 

  # of equities in the index  
average market 

value per security 

in 100 million 

EUR 

 
average weight 

per country in 

index country  min average max   

Austria  9 14 18  47.86  0.73% 

Belgium  17 20 26  113.94  2.56% 

Denmark  16 19 24  83.72  1.90% 

Finland  16 19 22  81.26  1.78% 

France  90 99 105  147.78  17.42% 

Germany  60 71 92  147.40  12.20% 

Great Britain  145 172 218  124.17  25.07% 

Ireland  6 9 11  80.18  0.81% 

Italy  35 50 67  97.80  5.63% 

Netherlands  27 32 44  161.63  5.88% 

Norway  9 16 21  100.67  1.70% 

Poland  6 12 19  49.82  0.70% 

Portugal  4 9 11  61.00  0.60% 

Spain  32 43 54  126.89  6.36% 

Sweden  36 44 62  81.22  4.11% 

Switzerland  45 55 63  190.11  12.49% 

Table 3: Geographical Exposure of the Index. Source: Refinitiv Datastream, own calculations 

 

6.2.1. Total Return of the Index 

 

Figure 8 shows the timeseries of the total log-return with the 01/01/2002 as basis. 

Unsurprisingly, the index is strongly correlated to the overall equity market and shows strong 

growth over the analysis period. After reaching its low on the 12th of March 2003, the index 

grows to its high on the 19th of February 2020. The largest daily negative log-return (-12.26%) 

was recorded on the 12th of March 2020.  
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6.3. Introducing a Risk-Free Rate 

 

In this paper we use the 3-month Euribor rate as proxy for the risk-free rate. Although the 

equities are listed in different countries with to some extent autonomic monetary policies, we 

consolidate to one overall risk-free rate. In Europe’s low interest rate environment, calculating 

an average rate for the different currencies will only have minor influence on the quality of the 

analysis. Moreover, most of the countries in the index are in the Eurozone, with, for example, 

Denmark also pegging the Danish Krone to Euro. In our sample from 1999 until 2020 the 

historical average risk-free rate yields monthly 0.1364%.  

 

6.4. Factor Portfolios 

 

As discussed in chapter 5.2. we test the Asset Pricing models on the factor returns provided by 

Fama and AQR. In this section we describe the distribution of these portfolio returns to 

illustrate and emphasize that these portfolios differ from the smart beta and mixing portfolios.  

  

Figure 8: Total Log-Return of the Stock Index from 2001-01-01 until 2021-12-31. Source: Refinitiv Datastream, own 

calculations 
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6.4.1. Rm-Rf 

 

The Rm–Rf portfolio by Fama and French is the excess return on the entire equity market in 

excess of the risk-free return, so that the portfolio’s market beta equals to 1. In our case, it is 

the European stock market consisting of all stocks for which a full set of data for each year is 

available in Austria, Belgium Switzerland, Germany, Denmark, Spain, Finland, France, Great 

Britain, Greece, Ireland, Italy, Netherlands, Norway, Portugal, and Sweden. Unlike other Fama 

& French factor portfolios that will follow, the market portfolio is long-only and should be 

viewed as a baseline factor as it is not a trading strategy per se. However, when it comes to 

testing of asset pricing models, the baseline market factor is a central, perhaps the most 

important factor. 

 

 

Figure 9: Monthly Market Log Returns. Source: K. French Data Library, own calculations 

 

In Figure 9 we can see the monthly log returns on the market portfolio from 2002 to 2020. 

There appears to be more outliers on the negative side, which is further confirmed from the 

monthly return distribution histogram in Figure 10, as the left tail has more mass than the right 

one. The mean log return is 0.50% but without statistical significance, with standard deviation 
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of 5.45%. Rm-Rf portfolio’s excess kurtosis and skewness are around 2.5 and -0.9, confirming 

non-normal distribution of log returns.  

 

 

Figure 10: Monthly Market Log Return Distribution. Source: K. French Data Library, own calculations 

 

The portfolio has maximum drawdown of 48.45%, which is significant in magnitude, implying 

poor downside protection. The steep drawdown is visualized in Figure 11, which was due to 

the financial crisis of 2008.  

 

 

Figure 11: Cumulative Market Return. Source: K. French Data Library, own calculations  
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6.4.2. SMB 

We use the classic market cap signal and obtain the size factor returns from Kenneth French’s 

data library for European stock market universe. The factor constructed and used by Fama and 

French forms two portfolios by sorting the stocks according to their market cap using median 

size as the mid-point to split the universe into two and then taking long position in the small 

cap half while shorting the large cap side. Hence, all the stocks are assigned one of the two 

portfolios and every stock contributes to size factor returns. The two sub-portfolios, long and 

short leg are equal in “dollar-terms” so that the portfolio is zero-cost portfolio i.e., selling the 

short leg finances buying of the long leg. Within the two portfolios, individual stocks are 

weighted by using the value weighting method. The return of the SMB factor portfolio will be 

the difference in returns of these two sub-portfolios which are calculated by monthly basis in 

our data period is captured in Figure 12. 

 

 

 

Figure 12: Monthly SMB Log Returns. Source: K. French Data Library, own calculations 

 

In the Figure 12, we see the most extreme outliers locating on the downside which is further 

confirmed by the skewness of -0.66. The excess kurtosis of distribution of monthly returns is 

2.09 implying non-normal distribution. Majority of the mass seems to locate on the positive 

side which is consistent with positive but insignificant mean log return for SMB factor 

portfolio. Furthermore, if we study the Figure 13 on the distribution of monthly returns, we can 

see the slight asymmetry, especially in tails for the SMB zero-cost portfolio: 
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Figure 13: Monthly SMB Log Return Distribution. Source: K. French Data Library, own calculations 

 

In Figure 14 the cumulative monthly log return is displayed over the sample period 2002-2020. 

Notably, the portfolio did not fall below zero in cumulative terms. It is important to highlight 

that we used log returns which flattens the curve compared to simple arithmetic returns. Hence, 

the drawdowns look very high as log returns emphasize negative returns over positive ones, 

although the maximum drawdown was 19%, which is modest relative to other factor portfolios’ 

downside. 

 

 

Figure 14: SMB Portfolio Cumulative Return. Source: K. French Data Library, own calculations 
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6.4.3. HML 

 

The single-factor value portfolio, given by Fama and French is a zero-cost long-short portfolio 

that takes a long position in high value stocks and short the growth stocks. They use the most 

recent month’s book-to-market ratio and takes a long position in 30% of the highest value while 

shorting the 30% lowest value stocks. These two sub-portfolios are called the value and growth 

portfolio, respectively. The rebalancing throughout the year is driven by the changes in market 

capitalization as book value of equity is accounting figure and provides no updates on monthly 

basis. The start of the month is rebalancing date, and the portfolio will remain equal through 

that month. The monthly return is calculated by the distance between returns on these two sub-

portfolios. Remaining 40% of the stocks generate so called neutral portfolio and does not enter 

the calculation. The monthly returns shown in the Figure 15 visualize the portfolio performance 

in our sample period. 

 

 

Figure 15: Monthly HML Log Returns. Source: K. French Data Library, own calculations 

 

Interestingly, we can observe some shift in regime from the Figure 15, which is consistent with 

previous literature on how value stocks used to overperform growth stocks, but the latest 

century inversed the relationship. Figure 16 shows the distribution of the monthly log returns 

revealing fat tails on the distribution. The HML portfolio had excess kurtosis and skewness of 
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3.7 and -0.2 respectively, supporting the non-normality of factor return distribution for value 

factor as well. 

 

 

Figure 16: Monthly HML Log Return Distribution. Source: K. French Data Library, own calculations 

 

The cumulative log returns of HML portfolio further supports the shift in regime with value 

factor premium. The first half of the sample shows strongly positive returns which are offset 

by the second half as the cumulative return reached negative value before taking up again in 

the end of the sample period.  

 

 

Figure 17: HML Portfolio Cumulative Return. Source: K. French Data Library, own calculations 

 

  

-10%

0%

10%

20%

30%

40%

50%

60%

70%

2
0

0
2

2
0

0
2

2
0

0
3

2
0

0
4

2
0

0
4

2
0

0
5

2
0

0
6

2
0

0
6

2
0

0
7

2
0

0
8

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
2

2
0

1
3

2
0

1
4

2
0

1
4

2
0

1
5

2
0

1
6

2
0

1
6

2
0

1
7

2
0

1
8

2
0

1
8

2
0

1
9

2
0

2
0

2
0

2
0



64 

 

6.4.4. WML 

 

Fama and French generate the momentum factor portfolio using lagged momentum signal 

ranking. The lagged momentum signal is the stocks cumulative return over the period t-12 to 

t-2. Rebalancing of portfolios takes place at the end of the month t-1, and run over the month 

t. They perform 2x3 sort for size and lagged momentum, creating six portfolios that are small 

winners, small neutral, small losers, big winners, big neutral and big losers. The sub-portfolios 

are value-weighted and rebalanced monthly. The long-short zero-cost portfolio consists of 4 

portfolios divided into two long positions and two short positions: 

 

    𝑊𝑀𝐿 =
1

2
(𝑆𝑚𝑎𝑙𝑙 𝑊𝑖𝑛𝑛𝑒𝑟𝑠 + 𝐵𝑖𝑔 𝑊𝑖𝑛𝑛𝑒𝑟𝑠) −

1

2
(𝑆𝑚𝑎𝑙𝑙 𝐿𝑜𝑠𝑒𝑟𝑠 + 𝐵𝑖𝑔 𝐿𝑜𝑠𝑒𝑟𝑠)      (35) 

 

 

Figure 18: Monthly WML Log Returns. Source: K. French Data Library, own calculations 

 

The monthly returns on momentum single-factor portfolio show anticipated consistent positive 

log returns with more rare but large negative shocks. Especially long left tail in Figure 19, 

implies frequent outliers on the negative side. Excess kurtosis of 8 gives momentum portfolio 

the fattest tails of all the single-factor portfolios during our sample period. Strongly negative 

skewness is visible from the same graph. The portfolio has a significant and positive mean 

monthly log return of 0.68% per month but the standard deviation of 4.2% is relatively high, 
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giving a Sharpe ratio of 0.16. However, scoping out the centre of distribution, there are more 

mass concentrated on the positive side than with previous factor portfolio returns.  

 

Figure 19: Monthly WML Log Return Distribution. Source: K. French Data Library, own calculations 

Bearing in mind the log returns, the cumulative return graph Figure 20, supports the empirical 

literature on momentum trading strategies’ performance. In addition, it is consistent with a 

central shortcoming of momentum strategy, poor downside protection. 

 

 

Figure 20: WML Portfolio Cumulative Return. Source: K. French Data Library, own calculations 
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6.4.5. RMW 

 

Fama and French define their single-factor profitability portfolio as RMW. They have 2x2 by 

size and operating profitability division of the universe into small robust, big robust, small 

weak, and big weak value-weighted sub-portfolios with cut-off percentiles of 30th and 70th for 

robust and weak, respectively: 

 

       𝑅𝑀𝑊 =
1

2
(𝐵𝑖𝑔 𝑅𝑜𝑏𝑢𝑠𝑡 + 𝑆𝑚𝑎𝑙𝑙 𝑅𝑜𝑏𝑢𝑠𝑡) −

1

2
(𝐵𝑖𝑔 𝑊𝑒𝑎𝑘 + 𝑆𝑚𝑎𝑙𝑙 𝑊𝑒𝑎𝑘)       (36) 

 

The monthly log returns of RMW portfolio presents more mass on the positive side and the 

mean return is 0.34% which is statistically significant. The standard deviation of the returns is 

1.64% per month, giving Sharpe ratio of 0.2. 

 

 

Figure 21: Monthly RMW Log Returns. Source: K. French Data Library, own calculations 

 

Profitability portfolio’s excess kurtosis of 1.8 is the lowest within the Fama and French single-

factor portfolios covered in the paper. The skewness is negative but very low at -0.01, which 

is visible from more symmetric log return distribution in Figure 22. However, the tails are 

significantly in excess of normality. 
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Figure 22: Monthly RMW Log Return Distribution. Source: K. French Data Library, own calculations 

 

The cumulative log returns seem to show persistent upwards trend with no large shortfalls. The 

factor portfolio has a maximum drawdown of 13.57%, which is in the lower end within Fama 

& French factor portfolios, implying some downside diversification potential.  

 

 

Figure 23: RMW Portfolio Cumulative Return. Source: K. French Data Library, own calculations 
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6.4.6. BAB 

 

We use the betting against beta single-factor portfolio set by Asness, Frazzini & Pedersen 

(2014) and data provided by AQR’s website. They rank the universe by stock’s market betas 

in ascending order and then assigned to either low-beta or high-beta portfolio. The sub-

portfolios are weighted using ranking system so that the lower the beta, the higher the weight 

in low-beta portfolio and the higher the beta, the higher the weight in high-beta portfolio. 

Furthermore, the sub-portfolios are then scaled to have beta of 1 and then formed into a long-

short zero-cost portfolio that has a beta of zero. Portfolio rebalancing is on monthly basis. 

 

                                                   𝐵𝐴𝐵 =
1

𝛽𝐿
(𝑟𝐿 − 𝑟𝑓) −

1

𝛽𝐻
(𝑟𝐻 − 𝑟𝑓)                                          (37) 

 

 

Figure 24: Monthly BAB Log Returns. Source: AQR Website, own calculations 

 

BAB single-factor portfolio’s monthly log returns average is statistically significant at 0.41% 

and standard deviation of 0.28, providing the strongest risk/return from the portfolios 

considered here. The monthly log return distribution has an excess kurtosis of 2.7 and skewness 

of -0.3. The long at fat tails are clearly visible in the Figure 25. The distribution is non-negative, 

consistent with previous single-factor portfolio’s returns. 
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Figure 25: Monthly BAB Log Return Distribution. Source: AQR Website, own calculations 

 

Cumulative log returns for RMW portfolio shows relatively little volatility compared to 

previous factor portfolios. The financial crisis triggered a return shock after which the trend is 

persistent. The portfolio does not yield the highest average log returns, but appears to bear little 

risk as well, creating a potential risk/return relation. Maximum drawdown is only 11% during 

the sample period. 

 

 

Figure 26: BAB Portfolio Cumulative Return. Source: AQR Website, own calculations 
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6.4.7. Correlation of Factors 

 

In this section we highlight the empirical distribution of the factor portfolios in-sample to give 

an overview of the probable advantageous effects of combining different factors in the overall 

European equities market. Rm-Rf, SMB, HML, WML and RMW are factor portfolios obtained 

from French's database. The BAB factor return is taken from AQR's database. Correlation 

coefficients are calculated from monthly log-returns. Table 4 shows the Pearson correlation 

coefficient between factors. Strong negative correlations are highlighted in bold. These factor 

combinations in theory offer potential for higher risk-adjusted returns due to diversification 

effects. The largest negative correlation is found between RMW and HML. This might help 

explain the “cheap for a reason”-drawback of the value factor. In addition, HML shows 

negative correlation to the other factors with exception to the market, and, therefore, might 

show positive risk-return effects when combined with other factors. For WML we observe 

negative correlation to both market and value. Asness et al. (2013) dedicate a research paper to 

the combination of value and momentum and take advantage of that relation. BAB intuitively 

offers negative correlation to the market as it is constructed as long low-beta and short high-

beta stocks and takes advantage of possible mispricing of the CAPM.  

 

Correlation Matrix of Fama French / AQR factor returns 

  Rm - Rf SMB HML RMW WML BAB 

Rm - Rf 1      

SMB 0.05 1     

HML 0.46 0.12 1    

RMW -0.46 0.04 -0.65 1   

WML -0.52 0.10 -0.39 0.53 1  

BAB -0.11 0.39 -0.06 0.24 0.47 1 
Table 4: Correlation Matrix from 2002 until 2020. Source: Refintiv Datastream, own calculations 

 

To address a concern about cross-correlation during market downturns presented by Harvey, 

Liu & Zhu (2016), we calculate correlation matrix for a sub-sample from July 2007 to March 

2009, when the financial markets experienced the financial crisis. The sample only includes 

one major market crisis and hence, our sample for testing is rather limited and will have to 

suffice for the means of the argument. The finding is inconclusive for generally applicable 

argument on which way the correlations move during market fall. Correlations to market factor 

are increased with SMB, HML, and WML factors. The momentum factor being the largest 
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deviation from full sample correlation, increasing from -0.52 to 0.24 implying a significant loss 

of diversification effect in market crisis. RMW and BAB factors’ market correlations even 

decrease during sub-period. This is contradicting the arguments against poor diversification 

during bear market and especially the critique towards low-beta factor which is often claimed 

to show higher correlation with market when prices are falling. 

 

The decreases in correlation to size for HML, RMW and BAB are 0.25, 0.06 and 0.37, 

respectively. WML factor’s correlation to size increased by 0.39 during sub-sample. The 

correlation to value factor increased for RMW by 0.12 and WML by 0.45 while it decreased 

for BAB by 0.67. RMW correlation decreased for WML by 0.27. The correlation between 

RMW and BAB experienced a difference of -0.19 comparing the sub-sample to full sample. 

The largest drop in correlation is found between BAB and WML, which goes from positive 

0.47 over the sample to negative correlation of -0.27 during the financial crisis. In general, 

correlations with BAB decrease for all factors except RMW which implies a relatively high 

hedging relation during market downfall. Finally, the correlation between WML and RMW 

increased by 0.19. 

 

To conclude, 8 out of 15 cross-correlations decrease during financial crisis contradicting the 

findings of Harvey, Liu & Zhu (2016). During the financial crisis the best hedge to each other 

occurred between HML and BAB with -0.73, which was only slightly negative over the full 

period. RMW was the best hedge against market with correlation of -0.55 and BAB as close 

second at -0.46. 

 

Sub-Period Correlation Matrix of Fama French / AQR factor returns 

  Rm - Rf SMB HML RMW WML BAB 

Rm - Rf 1      

SMB 0.12 1     

HML 0.59 -0.13 1    

RMW -0.55 -0.02 -0.53 1   

WML 0.24 0.49 0.06 0.26 1  
BAB -0.46 0.02 -0.73 0.43 -0.27 1 

Table 5: Correlation Matrix. Financial Crisis. Source: Refintiv Datastream, own calculations 
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7. Results 

7.1. Single-Factor Portfolios 

 

We find statistically significant returns excess of index portfolio for all single-factor long-only 

portfolios. In the following sub-chapters provide an overview on the portfolio performance and 

characteristics based on the methodology framework introduced in the previous chapter. The 

results are calculated with monthly log returns and then annualized. Below in Table 6 are the 

most crucial portfolio measures for all our 5 single-factor portfolios and the index portfolio. 

The data for all decile portfolios for each factor are combined in Appendix B. 

 

  Size Value Profitability Momentum Low-Beta Index 

CAPM Beta 0.74 1.15 0.60 0.64 0.30 0.71 

t-Beta (-5.7) (2.35) (-8.04) (-6.2) (-18.74) (-7.19) 

CAPM Alpha 3.46% -3% 6.10% 6.40% 7.24% -0.48% 

t-Alpha (1.41) (-1.02) (2.49) (2.43) (3.68) (-0.25) 

Mean 7.95% 4.01% 9.77% 10.31% 9.05% 3.95% 

t-Mean (2.02) (0.68) (2.86) (2.72) (4.07) (1.10) 

Standard 

Deviation 0.17 0.26 0.15 0.16 0.10 0.16 

SR 0.46 0.16 0.66 0.63 0.94 0.25 

IR 0.61 0.00 0.98 0.69 0.49 - 

TR 0.11 0.03 0.16 0.16 0.30 0.06 

MDD 37% 51% 35% 30% 22% 45% 

Table 6 Single-Factor Portfolio Statistics. Source: Refintiv Datastream, own calculations 

 

7.1.1. Size Portfolio 

 

The small market capitalization, long-only portfolio (SMB) beats the market index by 4% in 

annualized log terms. The mean return for size portfolio is on the verge of significance and 

would not survive the higher hurdle rate suggested by Hou et al. (2020). The index portfolio’s 

mean return is well below the statistical significance. Furthermore, the volatility of the log 

returns for the strategy was 17%, compared to 16% of the index. As a result, the portfolio’s 
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Sharpe Ratio was over double in magnitude at 0.46 whereas index’s SR was 0.25. The higher 

TR implies higher reward for systematic risk taken for small cap portfolio as the market beta 

is only slightly higher than for index portfolio. The small cap strategy yielded higher return for 

the risk exposure, providing superior characteristics. The CAPM alphas are indistinguishable 

from zero, also for all other size ranked decile portfolios. Within our sample, SMB factor has 

no relation to market, as the 10 decile portfolios’ betas vary non-linearly and show no 

significant correlation.  

 

 

Figure 27: SMB Portfolio Cumulative Return. Source: Refintiv Datastream, own calculations 

 

The Figure 27 captures the monthly log returns of our size portfolio against the index portfolio. 

It is apparent from the chart that the portfolios move in very similar pattern. However, the size 

portfolio appears to compound higher upside returns. Furthermore, the downside was higher in 

index portfolio with maximum drawdown of 45% as size portfolio experienced MDD of 37%. 

Both drawdowns occurred during the financial crisis in 2008.  
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7.1.2. Value Portfolio 

 

High-value single-factor portfolio’s (HML) performance against the index portfolio seems 

twofold. During the first half of the sample, the portfolio seems to perform very well. The 

performances seem to halt completely at the financial crisis, when value stocks plummeted 

deep and never recovered to previous levels of cumulative log returns. This is consistent with 

Reuter (2017) as value strategies have always overperformed the growth stocks, until the most 

recent decade that was coloured by the post financial crisis and low rates.  

 

The index return seems to trigger the direction of value portfolio’s returns, but the reaction is 

greater. Consequently, value strategy does not seem very tempting in our sample, due to poor 

risk/return characteristics. The mean log return excess risk-free rate has no statistical 

significance and the only single-factor portfolio with negative, although insignificant, CAPM 

alpha. The maximum drawdown was greater for value than index portfolios at 51% and 45%, 

respectively. This downside risk is the highest from the portfolios, meaning this single-factor 

long-only portfolio does not hedge the downside risk of alternative investment strategy, that is 

the index portfolio. The CAPM alpha is insignificant for the value portfolio as well as for the 

rest of the value sorted decile portfolios within our universe, except for the 9th decile portfolio 

which is on the verge. Concluding, the alternative investment strategy, index, is preferred over 

value portfolio. 

 

Figure 28: Value Portfolio Cumulative Return. Source: Refintiv Datastream, own calculations 
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7.1.3. Profitability Portfolio 

 

The high profitability portfolio (RMW) had annualized mean return of 9.77% which is 

statistically significant. Furthermore, the CAPM alpha is significant at 6.1% in annualized 

terms. The volatility was 15%, lower than value and size portfolios’, but the maximum 

drawdown is considerably lower at 35%. The profitability portfolio offered the second highest 

Sharpe ratio from all the single-factor portfolios studied in this paper at 0.66. The Information 

Ratio for the portfolio is the highest at 0.98, implying high excess return and low tracking error 

of monthly log returns to index portfolio. Whereas the Treynor Ratio is 0.16 which is at middle 

level among the different portfolios. Hence, the high IR must be driven by especially low 

tracking error which is below 6%. The low volatility between the returns is apparent from the 

trend lines in Figure 29, as the portfolio returns show very symmetric movements. 

 

 

Figure 29: Profitability Portfolio Cumulative Return. Source: Refintiv Datastream, own calculations 
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7.1.4. Momentum Portfolio 

 

The momentum portfolio recorded the highest mean log return at an annualized rate of 10.31%. 

The volatility of 0.16 is proportionally higher risk for the return compared to the profitability 

portfolio, giving a lower Sharpe Ratio for our high momentum strategy. The CAPM Alpha is 

significant at 6.4% annualized and beta of 0.64. Tracking error to index returns is around 9% 

annualized, giving IR of 0.69 and TR equal to that of Profitability, 0.16. The portfolio’s present 

high gross returns, but only 0.54%-points above profitability portfolio on net-of-fees terms due 

to our adjustment for activity-based trading costs and momentum strategy’s turnover which is 

remarkably above average within our single-factor portfolios. Hence, our finding of momentum 

strategy’s risk/return profile is disappointing previous literature that ignores this central issue 

with momentum trading strategies. Surprisingly, the maximum drawdown is low at 30% 

suggesting better downside protection than aforementioned single-factor portfolios, which is 

contradicting the previous literature’s major concern of momentum strategy’s poor protection 

during market downfalls. In our sample, momentum did not hedge against market movements 

but delivered 30% DD when market index fell 45%, apparent in Figure 30. 

 

 

Figure 30: Momentum Portfolio Cumulative Return. Source: Refintiv Datastream, own calculations 
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7.1.5. Low-Beta Portfolio 

 

From all the single-factor portfolios, the low-beta portfolio provided superior risk/return 

characteristics on our performance metrics. Furthermore, the low-beta portfolio obtained the 

only CAPM alpha that survives the higher hurdle by Hou et al. (2020) and averages at 7.24% 

at annualized terms. The mean monthly log return is lower than for profitability and momentum 

portfolios, but low-beta, being a risk control strategy, successes in rewarding the risk loading 

at a dominant level of Sharpe Ratio 0.94. The CAPM beta is low as expected at 0.3, resulting 

in a Treynor Ratio of 0.3, which is also nearly double from the next best. This is interpreted as 

high reward for the systematic risk loading for the portfolio. To conclude the prime risk 

character of Low-Beta portfolio, the maximum drawdown is low at 22%, providing the best 

hedge to market shocks from the single-factor portfolio. In the Figure 31, the trends take turns 

rather simultaneously, but the low-beta portfolio has more even trend and the low volatility is 

visible from the graph to a naked eye.  

 

 

Figure 31: Low-Beta Portfolio Cumulative Return. Source: Refintiv Datastream, own calculations 
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7.1.6. Portfolio Correlations 

 

Table 7 plots the Pearson correlation coefficients between the single-factor portfolios’ monthly 

log returns excess of risk-free rate. The matrix offers very little support for multi-factor-based 

strategies’ diversification effects. The decreased diversification gain compared to Fama French 

factor portfolios is expected due to limitations from long-only portfolio method and the large-

cap bias in our investable universe. As our SMB portfolio, which consists of 60 smallest stocks 

still has an average market cap of €2B, which is rather large and would not likely be in the 

short leg of Fama French SMB factor portfolio.  

 

Correlation Matrix of Single-Factor Portfolio Returns 

  Rm-Rf SMB Value Profitability MOM BAB 

Rm-Rf 1      

SMB 0.81 1     

Value 0.85 0.88 1    

Profitability 0.77 0.92 0.80 1   

MOM 0.73 0.85 0.69 0.86 1  
BAB 0.58 0.75 0.59 0.78 0.76 1 

Table 7 Statistics of Single-Factor Portfolios from 2002 to 2020. Source: Refintiv Datastream, own calculations 

 

To address the critique towards factor investment by McLean & Pontiff (2016) which scolded 

the multi-factor-based strategy for loss of diversification during market falls, we take a sub-

sample of the only market crisis included in our sample, financial crisis, and study the cross-

correlations in bear market.  

 

Sub-Period Correlation Matrix of Single-Factor Portfolio Returns 

  Rm-Rf SMB HML RMW WML BAB 

Rm-Rf 1      

SMB 0.75 1     

HML 0.86 0.83 1    

RMW 0.76 0.98 0.85 1   

WML 0.76 0.88 0.69 0.85 1  
BAB 0.58 0.81 0.69 0.82 0.75 1 

Table 8 Statistics of Single-Factor Portfolios from July 2007 to March 2009. Source: Refintiv Datastream, own calculations 

 

Table 8 consists of cross-correlation matrix for time frame that is known as financial crisis. 

Comparing the figures to Table 7, we see very subtle changes in cross-correlations which 
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suggests that even if factor correlations change during market fall, it is not captured by our 

methodology. The more drastic changes found by previous scholars could be driven by the 

short leg of factor portfolio and stock-market wide sample. Thus, taking a high-cap market 

index an implement smart beta strategy within that universe seem to provide protection from 

this shortcoming of wider implication of factor investing. 

 

7.1.7. Smart Beta Portfolio Performance in Sub-Periods 

 

We further split the sample in two sub-periods to study the consistency and robustness of 

regression coefficients to detect any possible time-varying nature. The results can be found in 

Appendix G. The CAPM alphas are consistent in sign across two sub-periods for all single-

factor portfolios. However, the statistical significance and the alpha change to some extent. 

Momentum portfolio’s alpha is only significant at conventional hurdle in the early period of 

2002-2011. Low beta portfolios is significant in both, but survives the higher hurdle suggested 

by Hou et al. (2020) only in earlier period. Size and value portfolios are insignificant in both 

periods and profitability is significant at conventional t statistic hurdle in earlier period.  

 

All the CAPM betas for single-factor portfolios are significant in the earlier time-period. 

However, value portfolio’s beta is insignificant in latter. In addition, the betas do change for 

all portfolios and the largest change in significant beta is for small size strategy going from 0.8 

to 0.7 as we move from earlier to later period. For multi-factor portfolios, the t statistics of 

CAPM alphas increase on average in the latter sub-period. 

 

7.1.8. OLS Regression – 1 Factor Portfolios 

Table 9 presents the OLS regression results for 1-factor smart beta portfolios. For all portfolios 

we observe a market beta statistically significantly smaller than 1, implying that constituents 

of size, value, profitability or momentum could also be included in the low-beta strategy. 

Additionally, both size and value smart beta portfolios are on the short leg of the WML factor 

and include low momentum securities. The profitability portfolio has a significantly negative 

exposure to HML, which assumes that the most profitable equities in our sample are on the 

growth end of the value factor. For the same portfolio, the RMW factor is insignificant. This 



80 

 

brings two assumptions: first, profitable securities in our sample are not the most profitable 

compared to the European equity market; second, HML captures the same effect as RMW.  

 

Time-Series OLS regression results for FF3 + RMW + WML, 1 Factor-portfolios 

The table consists of regression estimators as well as t-stats based on monthly observations. For Rm–

Rf the t-stat is obtained against testing for a mean of 1. We also report 𝑅2 to determine the proportion 

of explained variance in returns.  

 𝛼 Rm – Rf SMB HML RMW WML 𝑅2 

size 0.003 0.693 0.523 -0.077 0.122 -0.177 71.22% 

 [1.56] [-5.86] [5.06] [-0.56] [0.67] [-3.03] 
 

value 0.003 0.782 0.206 0.659 -0.130 -0.545 85.79% 

 [1.53] [-4.41] [2.13] [4.63] [-0.64] [-10.15] 
 

profitability 0.005 0.650 0.208 -0.474 0.084 -0.141 65.02% 

 [2.66] [-6.26] [1.94] [-3.29] [0.44] [-2.51] 
 

momentum 0.002 0.808 0.322 -0.321 -0.163 0.324 64.26% 

 [1.13] [-4.16] [2.47] [-2.07] [-0.7] [4.83] 
 

BAB 0.004 0.388 0.105 -0.108 0.221 0.101 40.85% 

 [2.46] [-15.13] [1.41] [-0.89] [1.29] [2.28]  
Table 9: Time-Series Regression. 1-Factor portfolios. Source: Refinitiv Datastream, K. French Data library & AQR Data 

library, own calculations 

 

The empirical asset pricing tests will be used to determine which assumption is true. The 

momentum portfolio has the highest market beta and moves closest with the market. Although 

only significant for the size portfolio, all strategies are on the long-leg of SMB, i.e., smaller 

market-cap companies which implies a small-cap bias in the investment strategies. 

 

7.2. Smart beta portfolios 

7.2.1. Two-Factor Portfolios 

 

The different two-factor combinations express limited potential within our sample. All of the 

portfolios beat the index portfolio with clean margins. However, comparing to the best 

performing single-factor portfolio, low-beta, the two-factor portfolios have limited value 

adding capabilities. It is important to highlight that ultimate risk/return ratio is not always the 

objective of an investor and adding a second factor provides more effective tools for optimizing 

one’s portfolio to reach investment objectives of risk and return thresholds. 
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Expectedly, the highest performing two-factor portfolios exclusively include low-beta in their 

portfolio construction. The four different portfolios that include low-beta provide the highest 

SRs from all the combination portfolios. Apart from one other, those portfolios are the only 

combinations that yield a statistically significant CAPM alpha. The only combination that 

yields significant alpha and excludes low-beta is momentum and profitability portfolio which 

had the highest mean return of 12.42% annualized. However, on risk measure basis, this 

portfolio falls from low-beta combinations. Combining low-beta with other factors results in 

the lowest maximum drawdowns and volatility due to its dominantly low risk character. 

Consequently, Mom + Prof. portfolio has SR and TR close to those with low-beta, but its IR is 

higher and the only one above 1.0.  

 

For a risk averse investor, combining low-beta with profitability, momentum or size could be 

a suitable approach. The Low-beta and profitability strategy gives higher mean log return than 

low-beta single-factor with a similar Sharpe Ratio. The maximum drawdowns increase in 

moderate fashion from 0.22 to 0.32. Increased risk measures are consistent with risk/return 

trade-off and slightly lower Sharpe ratios are expected for higher return levels. Smallest 

downside risk is provided by low-beta and momentum portfolio with MDD of only 0.26. 

 

Expectedly, the poorest performing factor, value, also contributes to combinations in negative 

way and portfolios including the factor have very little statistical significance. Value and size 

being the highest risk with volatility over 20% and maximum drawdown of 43%. The downside 

risk is still lower than for the index portfolio and SR is slightly higher but does not stand out 

as an attractive strategy amongst other two-factor combinations. 
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This table consists the summary of two-factor smart beta portfolios' risk and return metrics. Average 

monthly log returns are used and then annualized to reach the presented Mean, Standard Deviation, 

Sharpe Ratio, Information Ratio, and Treynor Ratio. Maximum Drawdown is on monthly basis and 

arithmetic. The monthly log returns are regressed with time series OLS regressions to obtain CAPM 

Alpha and Beta. 

 

 

 

 

  

CAPM 

alpha 

CAPM 

beta Mean 

Standard 

Deviation SR IR TR MDD 
 

Mom + Prof 8.76% 

(3.48) 

0.60 

(-7.90) 

12.42% 15.52% 0.80 1.06 0.21 30%  

Mom + Size 6.98% 

(2.69) 

0.67 

(-6.11) 

11.02% 16.42% 0.67 0.84 0.17 32%  

Value + Mom 2.88% 

(1.21) 

0.75 

(-4.77) 

7.40% 17.07% 0.43 0.50 0.10 34%  

Prof + Size 5.68% 

(2.20) 

0.75 

(-5.57) 

10.20% 17.29% 0.59 0.93 0.14 35%  

Prof + BAB 7.86% 

(3.52) 

0.38 

(-16.09) 

10.17% 11.10% 0.92 0.73 0.27 27%  

Mom + BAB 7.79% 

(3.48) 

0.39 

(-12.96) 

10.13% 11.49% 0.88 0.66 0.26 26%  

Value + Size 5.76% 

(2.23) 

0.70 

(-5.80) 

5.65% 20.09% 0.28 0.21 0.06 43%  

Size + BAB 7.04% 

(3.45) 

0.47 

(-12.62) 

9.87% 11.95% 0.83 0.74 0.21 28%  

Value + BAB 3..93% 

(1.77) 

0.57 

(-9.42) 

7.41% 13.68% 0.54 0.51 0.13 32%  

Value + Prof. 3.80% 

(1.51) 

0.86 

(-2.58) 

9.01% 19.34% 0.47 0.71 0.10 35%  

Index -0.48% 

(-0.25) 

0.71 

(-7.19) 

3.95% 15.57% 0.25 - 0.06 45%  

Table 10 Two-Factor Smart Beta Portfolios. Source: Refintiv Datastream, own calculations 
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OLS Regression – 2 Factor Portfolios 

Table 11 shows regression estimates for the 2-factor smart beta portfolios. We will comment 

on outcomes deemed significant according to the 2.78 hurdle proposed by Hou et al. (2020).  

Like 1-factor portfolios, all portfolio market beta are significantly below 1, none of the 

intercepts surpass the 2.78 significant t-statistic. For Value + Prof. the significant negative 

loading towards WML carries over from the 1-factor portfolios. The integration approach 

seems to exclude some profitable and high value securities, as neither of those factor loadings 

are significant. Value + Size keeps the exposure to SMB’s long leg and WML’s short leg and 

shows no significant HML and RMW loading.  

 

Time-Series OLS regression results for FF3 + RMW + WML, 2-Factor portfolios 

The table consists of regression estimators as well as t-stats based on monthly observations. For Rm–

Rf the t-stat is obtained against testing for a mean of 1. We also report 𝑅2 to determine the proportion 

of explained variance in returns. 

 𝛼 Rm – Rf SMB HML RMW WML 𝑅2 

Value + Mom 0.001 0.743 0.173 0.233 -0.093 0.151 70.32% 

[0.66] [-5.37] [1.38] [1.29] [-0.38] [2.49] 
 

Value + Prof. 0.005 0.722 0.175 0.142 0.268 -0.360 75.14% 

[2.37] [-5.17] [1.32] [0.83] [1.04] [-5.99] 
 

Value + Size 0.002 0.729 0.359 0.305 0.162 -0.327 78.29% 

[1.02] [-5.19] [3.66] [2.09] [0.8] [-5.16] 
 

Value + BAB 0.002 0.540 0.180 0.246 0.360 -0.080 65.15% 

[1.2] [-10.43] [2.28] [1.55] [1.83] [-1.72] 
 

Mom + Size 0.003 0.779 0.479 -0.197 -0.032 0.219 66.82% 

[1.54] [-4.49] [4.24] [-1.42] [-0.16] [3.36]  
Mom + BAB 0.004 0.520 0.170 -0.143 0.165 0.216 51.32% 

[1.86] [-10.8] [1.7] [-1.07] [0.87] [4.59] 
 

Mom + Prof. 0.005 0.759 0.239 -0.424 0.100 0.157 62.44% 

[2.51] [-4.9] [2.02] [-3.17] [0.51] [2.5]  
Prof. + Size 0.005 0.753 0.433 -0.329 0.156 -0.182 71.22% 

[2.43] [-4.69] [4.55] [-2.35] [0.79] [-2.38]  
Prof. + BAB 0.005 0.472 0.108 -0.293 0.236 0.004 49.55% 

[2.76] [-11.09] [1.36] [-2.59] [1.42] [0.08]  
Size + BAB 0.005 0.507 0.379 -0.144 0.155 -0.006 60.19% 

[2.48] [-11.05] [5.27] [-1.14] [0.87] [-0.14] 
 

Table 11: Time-Series Regression. 2-Factor portfolios. Source: Refinitiv Datastream, K. French Data library & AQR Data 

library, own calculations 

 

For Value + BAB only the market beta shows significance; the magnitude lays in between the 

market beta of the 1-factor portfolios. For Mom + Prof. we find significant negative loading to 
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HML, reinforcing the assumption that low value stocks have high momentum and high 

profitability. Prof + BAB has insignificant loading towards profitability, and almost significant 

negative loading towards HML, supporting the assumption of interconnection between HML 

and RMW. The following portfolio combinations show significance exclusively in the included 

factors and the market: Mom + Size, Prof. + Size and Size + BAB. 

 

7.2.2. Three-Factor Portfolios 

 

The smart-beta portfolios’ alphas gain significance notably when a third factor is introduced 

into the strategy. The only alpha indistinguishable from zero is for portfolio combining value, 

profitability, and size factors. Furthermore, the different combinations’ differences on applied 

metrics shrink as the performance drivers are more diversified. Sharpe, Information, and 

Treynor Ratios gain slight improvement and become less volatile between the choices of factor 

combinations.  

 

The annualized mean log return increased by 1%-point and volatility decreased by 1%-point. 

Consequently, the mean SR improved from 0.64 to 0.70, which is 0.45 higher than our index 

portfolio, while the highest ratio went from 0.92 to 0.98.  

 

The highest risk/return ratio is achieved with combining momentum, low-beta, and 

profitability. Here, momentum and low-beta are the main contributors to the high SR as the 

two subsequent portfolios are momentum, low-beta, and a third factor. Contradicting the 

findings with single-factor portfolios, the mean log return appears to correlate positively with 

turnover, implying that high trading activity does not offset the return premium of the smart 

beta strategy. The correlation is noisy, but statistically significant for 3-factor portfolios.  

 

Similar to two-factor portfolios, the value factor has a negative influence on returns as it 

decreases statistical significance of the portfolios. Combinations including value yielded much 

worse risk/return relation. However, having an additional factor, the value effect is more 

diversified, resulting in lower risk and higher returns. This suggests, that having one poor 

estimator signal, by introducing an additional signal, the overall performance improves. The 
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highest MDD decreased from 43% to 34% when introducing profitability to value and signal 

portfolio. Simultaneously SR went from 0.28 to 0.55. 

 

This table consists the summary of three-factor smart beta portfolios' risk and return metrics. Average 

monthly log returns are used and then annualized to reach the presented Mean, Standard Deviation, 

Sharpe Ratio, Information Ratio, and Treynor Ratio. Maximum Drawdown is on monthly basis. The 

monthly log returns are regressed with time series OLS regressions to obtain CAPM Alpha and Beta. 

 

 

 

  
CAPM 

alpha 

CAPM 

beta Mean 

Standard 

Deviation SR IR TR MDD 
 

Value + Mom + Prof. 
4.50% 

(1.80) 

0.76 

(-4.43) 

9.12% 17.36% 0.53 0.80 0.12 32%  

Value + Mom + Beta 
4.26% 

(1.88) 

0.57 

(-8.69) 

7.70% 13.82% 0.56 0.53 0.14 33%  

Value + Mom + Size 
8.32% 

(3.33) 

0.64 

(-6.45) 

12.18% 16.01% 0.76 1.03 0.19 32%  

Value + Prof. + BAB 
4.93% 

(2.16) 

0.60 

(-9.46) 

8.55% 14.13% 0.60 0.80 0.14 29%  

Value + Prof. + Size 
5.28% 

(1.99) 

0.84 

(-3.07) 

10.39% 19.07% 0.55 0.87 0.12 34%  

Value + BAB + Size 
5.21% 

(2.37) 

0.59 

(-10.26) 

8.77% 13.88% 0.63 0.71 0.15 33%  

Mom + Prof. + BAB 
9.28% 

(4.05) 

0.43 

(-14.29) 

11.87% 12.13% 0.98 0.95 0.28 27%  

Mom + Prof. + Size 
8.77% 

(3.27) 

0.68 

(-5.92) 

12.87% 16.52% 0.78 1.10 0.19 32%  

Mom + BAB + Size 
8.03% 

(3.56) 

0.49 

(-10.76) 

10.98% 12.79% 0.86 0.84 0.23 30%  

Prof. + BAB + Size 
7.46% 

(3.26) 

0.53 

(-12.22) 

10.67% 13.22% 0.81 0.95 0.20 32%  

Index -0.48% 

(-0.25) 

0.71 

(-7.19) 

3.95% 15.57% 0.25 - 0.06 45%  

Table 12 Three-Factor Smart Beta Portfolios. Source: Refintiv Datastream, own calculations 

 

OLS Regression – 3 Factor Portfolios 

The OLS regression outcomes for the 10 3-factor integration portfolios are presented in Table 

13. Overall, including the third factor reduces significance across factors as the constituents are 

less concentrated towards a characteristic. The market beta remains below 1 and statistically 

significant. Additionally, we find positive SMB loading for each smart beta portfolio including 

the size factor. This implies that other desired factors, such as low-beta, high momentum or 

high profitability are all present in small market cap. equities. For HML, the sensitivity factor 

is only significant for Mom + Prof. + Size. Simultaneously, RMW is insignificant which 
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underlines the interdependence of those factors. The Value + Prof. + Size portfolio, i.e., 

profitable, high B/M ratio and small companies, has significant negative exposure to 

momentum. The presence of low momentum equities in this portfolio is unsurprisingly, as the 

1-factor portfolios in this style show the same characteristic. For the portfolios Mom + Prof. + 

BAB as well as Prof. + BAB + Size the intercept 𝛼 is positive and significant. These portfolios 

generate excess return unexplained by the tested asset pricing model.  

 

Time-Series OLS regression results for FF3 + RMW + WML, 3-Factor portfolios 

The table consists of regression estimators as well as t-stats based on monthly observations. For Rm–

Rf the t-stat is obtained against testing for a mean of 1. We also report 𝑅2 to determine the proportion 

of explained variance in returns. 

 𝛼 Rm – Rf SMB HML RMW WML 𝑅2 

Value + Mom + 

Prof. 
0.002 0.781 0.258 0.157 0.287 0.040 70.32% 

[0.91] [-4.49] [2.07] [0.93] [1.26] [0.69] 
 

Value + Mom + 

BAB 
0.002 0.590 0.204 0.203 0.292 0.064 63.08% 

[0.82] [-9.38] [2.04] [1.29] [1.47] [1.31]  
Value + Mom + 

Size 
0.003 0.736 0.338 0.166 0.103 0.103 70.04% 

[1.26] [-5.68] [3.26] [1.19] [0.51] [1.69]  
Value + Prof. + 

BAB 
0.003 0.567 0.147 0.179 0.435 -0.129 65.82% 

[1.73] [-8.6] [1.65] [1.32] [2.4] [-2.67]  
Value + Prof. + 

Size 
0.005 0.732 0.340 0.152 0.367 -0.318 74.55% 

[2.38] [-4.65] [2.96] [0.97] [1.67] [-4.88]  
Value + BAB + 

Size 
0.003 0.551 0.270 0.214 0.342 -0.090 66.88% 

[1.84] [-10.1] [3.62] [1.67] [1.99] [-1.77]  
Mom + Prof. + 

BAB 
0.005 0.557 0.158 -0.275 0.235 0.115 53.55% 

[3.00] [-9.47] [1.71] [-2.47] [1.43] [2.28]  
Mom + Prof. + 

Size 
0.005 0.804 0.485 -0.439 0.071 0.098 68.71% 

[2.67] [-4.35] [4.35] [-3.41] [0.39] [1.59]  
Mom + BAB + 

Size 
0.004 0.586 0.393 -0.151 0.173 0.132 60.96% 

[2.32] [-10.09] [4.48] [-1.23] [1.06] [2.71]  
Prof. + BAB + 

Size 
0.005 0.582 0.368 -0.278 0.216 -0.066 63.79% 

[2.83] [-9.39] [5.45] [-2.42] [1.35] [-1.33]  
Table 13: Time-Series Regression. 3-Factor portfolios. 
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7.2.3. Four-Factor Portfolios 

 

Adding a fourth factor into the portfolios surprisingly decreases the mean annualized log 

returns and volatilities across the different combinations which is contradicting the finding by 

Fitzgibbons et al. (2017). This is likely due to the fact that within three-factor-models, 60% of 

combinations include value and within four-factor-models 80%, whereas Fitzgibbons et al. 

(2017) had a sample period going back further and excluding most recent years in our sample 

where value performed the worst. However, the diversification of factor premiums at this step 

causes the lack of concentration in the strategy and leads to lower returns. However, the 

diversification gains lower volatility across the combinations, but this improvement is 

unproportionate. 

 

Four-factor models yield 0.59%-points lower mean with 0.11%-point lower volatility of 

monthly log returns, decreasing the average Sharpe Ratio from 0.70 for three-factor to 0.66 for 

four-factor models. Furthermore, the average maximum drawdown decreased by 0.41%-points, 

although only a minor change. However, the four-factor models still rise above the two-factor 

models on average measures, implying with our factor selection, the three-factor combination 

is the optimal strategy so far. Importantly, all portfolios still express overperformance to index 

portfolio, which is the ultimate benchmark for our smart beta strategies. 

 

The lowest turnover portfolio is the one excluding momentum, which is anticipated due to 

single-factor momentum portfolio’s significantly high turnover rate. This is also consistent 

with previous literature and often the critique to papers reporting superior momentum strategies 

ignoring trading costs and higher trading activity. This portfolio also has return in the low end 

of all 4-factor portfolios and insignificant alpha. The maximum drawdowns are between 29-

34% and lower for each portfolio compared to market index portfolio suggesting gain in 

downside protection.  

 

The cap-weighted index’s performance is far inferior to every 4-factor portfolio. Furthermore, 

the volatilities of 4-factor portfolios are lower, except for the two combinations excluding low-

beta and momentum ranking. Consequently, the SRs are on average over twice the market 
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index’s. The downside risk measure further supports the superiority of integration portfolios as 

index’s MDD is 11%-points higher than the highest MDD within four-factor combinations. 

 

This table consists the summary of the four-factor smart beta portfolios' risk and return metrics. 

Average monthly log returns are used and then annualized to reach the presented Mean, Standard 

Deviation, Sharpe Ratio, Information Ratio, and Treynor Ratio. Maximum Drawdown is on monthly 

basis and arithmetic. The monthly log returns are regressed with time series OLS regressions to obtain 

CAPM Alpha and Beta. 

 

 

 

 

  

CAPM 

alpha 

CAPM 

beta Mean 

Standard 

Deviation SR IR TR MDD 
 

BAB + Mom + Prof. + 

Value 

4.98% 

(2.22) 

0.58 

(-9.63) 

8.53% 14.02% 0.61 0.73 0.15 31%  

BAB + Mom + Prof. + 

Size 

9.47% 

(3.98) 

0.52 

(-10.83) 

12.62% 13.51% 0.93 1.12 0.24 29%  

BAB + Mom + Value 

+ Size 

4.82% 

(2.12) 

0.58 

(-9.88) 

8.32% 13.93% 0.60 0.60 0.14 34%  

BAB + Prof. + Value + 

Size 

4.70% 

(1.98) 

0.62 

(-8.78) 

8.47% 14.79% 0.57 0.72 0.14 32%  

Mom + Prof. + Value + 

Size 

6.03% 

(2.28) 

0.77 

(-4.78) 

10.69% 17.67% 0.60 0.92 0.14 33%  

Index -0.48% 

(-0.25) 

0.71 

(-7.19) 

3.95% 15.57% 0.25 - 0.06 45%  

Table 14 Four-Factor Smart Beta Portfolios. Source: Refintiv Datastream, own calculations 

 

OLS Regression – 4 Factor Portfolios 

Table 15 shows the results for OLS regressions for 4-factor integration portfolios. As for all 

previous smart beta strategies, the market beta is significantly different from 1. It is highest for 

the portfolio excluding BAB in the strategy. The coefficient for SMB is positive and significant 

for all portfolios applying a size strategy.3 RMW is insignificant on a 2.78 cut-off for all 

portfolios. The 4-factor portfolio excluding momentum is the only portfolio with negative 

loading towards WML, implying that the integrated portfolio is more exposed to past losers. 

We find a significant intercept only in the portfolio excluding value. Simultaneously, this 

portfolio shows significant negative exposure to HML, which further underlines the 

assumption of value influencing excess returns negatively in sample.  

 

 

 
3 SMB is significant for all portfolios applying a conventional cut-off of 1.96. All portfolios have positive SMB 

exposure, i.e., consist of predominantly small market cap. companies.  
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Time-Series OLS regression results for FF3 + RMW + WML, 4-Factor portfolios 

The table consists of regression estimators as well as t-stats based on monthly observations. For Rm–

Rf the t-stat is obtained against testing for a mean of 1. We also report 𝑅2 to determine the proportion 

of explained variance in returns. 

 𝛼 Rm – Rf SMB HML RMW WML 𝑅2 

BAB + Mom + 

Prof. + Value 
0.002 0.612 0.214 0.138 0.379 0.016 64.54% 

[1.24] [-9.06] [2.24] [1.07] [2.13] [0.32]  
BAB + Mom + 

Prof. + Size 
0.006 0.624 0.390 -0.309 0.211 0.053 61.77% 

[3.26] [-8.71] [4.3] [-2.80] [1.30] [1.00]  
BAB + Mom + 

Value + Size 
0.002 0.593 0.327 0.138 0.271 0.028 65.05% 

[1.24] [-9.95] [3.84] [1.16] [1.68] [0.54] 
 

BAB + Prof. + 

Value + Size 
0.003 0.584 0.277 0.141 0.409 -0.156 66.40% 

[1.61] [-7.83] [3.08] [1.13] [2.28] [-2.90]  
Mom + Prof. + 

Value + Size 
0.003 0.780 0.462 0.080 0.232 0.011 70.93% 

[1.57] [-4.69] [4.30] [0.56] [1.18] [0.18]  
Table 15: Time-Series Regression. 4-Factor portfolios. Source: Refinitiv Datastream, K. French Data library & AQR Data 

library, own calculations 

 

7.2.4. Five-Factor Portfolio 

 

Finally, constructing the portfolio with all five factors, value, size, profitability, momentum, 

and low-beta, the mean log return of said portfolio is higher and volatility lower than averages 

across the four-factor portfolios. Looking at individual strategies, the best performing 4-factor 

portfolios overperformed the five-factor portfolio. Hence, taking the 4-factor portfolio that 

combined low-beta, momentum, profitability, and size, an investor would be better off on every 

metric not including the fifth factor, value, in their strategy. Comparing back further, an 

investor could achieve higher return with one three-factor portfolio, momentum, size, and 

profitability, but not with considerably higher risk. Four other combinations within three-factor 

and four different combinations of two-factor portfolios carried higher SR, however, with 

lower level of returns. Two combinations from three-factor portfolios offered higher SRs. All 

with higher returns and lower volatility, implying 5-factor portfolio’s inferior risk level at given 

return. This is not unexpected as the single-factor value portfolio proved to perform badly, 

implying to be a poor signal for a profitable smart beta strategy. However, we do not allow for 

hindsight cherry picking and stay focused on mean across different combinations for each 

number of factors. 
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The five-factor portfolio had a weakly significant alpha of 5.94% and market beta of 0.6. 

Hence, Treynor Ratio is 0.16 which is consistent with the average TR among 2- 3-, and 4-factor 

combinations. The Information Ratio of 0.86 is higher than the average across combinations 

for a given number of factors but exceeding an IR of 0.86 is achievable with individual 

combinations including fewer factors. Excluding the value factor gives an IR of 1.12 which is 

the highest from all portfolios considered. This is due to the high value strategy’s poor returns 

excess of the market index, which is essentially zero and results in an IR of 0.00 for the single-

factor value portfolio. The five-factor portfolio has slightly lower market beta exposure than 

mean beta of four-factor models and together with lower mean return, the Treynor ratio remains 

unchanged. Similar to previous steps introducing an additional factor, the maximum drawdown 

increases slightly by 0.16%-points. The downside protection gains are relatively poor and 

cannot be used to argue for adding factors to the integration portfolio.  

 

Compared to the index portfolio, the five-factor strategy offers superior characteristics on 

return and risk metrics. Mean log return is 5.64%-points higher and volatility just over 1%-

point lower. Both, return maximiser and risk minimizer investors would choose the smart beta 

portfolio over the market index. 

 

This table consists the summary of the five-factor smart beta portfolio's risk and return metrics. 

Average monthly log returns are used and then annualized to reach the presented Mean, Standard 

Deviation, Sharpe Ratio, Information Ratio, and Treynor Ratio. Maximum Drawdown is on monthly 

basis and arithmetic. The monthly log returns are regressed with time series OLS regressions to obtain 

CAPM Alpha and Beta. 

 

 

 

 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 
 

Value + Size + Mom + 

Prof. + BAB 

5.94% 

(2.53) 

0.60 

(-10.16) 

9.60% 14.42% 0.67 0.86 0.16 32% 
 

Index -0.48% 

(-0.25) 

0.71 

(-7.19) 

3.95% 15.57% 0.25 - 0.06 45%  

Table 16 Five-Factor Smart Beta Portfolio. Source: Refintiv Datastream, own calculations 
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OLS Regression – 5 Factor Portfolios 

Table 17 shows regression results for the 5-factor integration portfolio. We find two factors 

significant: Rm – Rf and SMB. If we disregard the significance, we have low-beta, small 

market cap., high B/M-ratio, high profitability and low momentum stocks in the portfolio. The 

negative exposure to WML might indicate that high momentum equities do not show the other 

desired characteristics.  

Time-Series OLS regression results for FF3 + RMW + WML, 5-Factor portfolios 

The table consists of regression estimators as well as t-stats based on monthly observations. For Rm–

Rf the t-stat is obtained against testing for a mean of 1. We also report 𝑅2 to determine the proportion 

of explained variance in returns. 

 𝛼 Rm – Rf SMB HML RMW WML 𝑅2 

Value + Size + 

Mom + Prof. + 

BAB 

0.003 0.619 0.342 0.033 0.283 -0.025 65.45% 

[1.88] [-9.1] [3.83] [0.30] [1.75] [-0.45] 

 
Table 17: Time-Series Regression. 5-Factor portfolio. Source: Refinitiv Datastream, K. French Data library & AQR Data 

library, own calculations 

 

7.3. Mixing Portfolios 

 

When moving from the mixing to the integrating approach, the mean log return increases for 

each combination, apart from two portfolios: value + size and value + momentum + low-beta. 

For these portfolios, the decreases are 0.33%-points and 0.09%-points, respectively. The 

annualized average gain for mean return is 1.58%-points. Considering the level of returns, this 

means 19% increase in the mean returns, which is significant in magnitude. Furthermore, the 

volatility decreases for the great majority of factor combinations when moving from the mixing 

to the integrating approach. The improvement is on average 1.86%-points across all 

combinations which, in respective terms is over 8% lower average annualized volatility for 

integrated portfolios.  

 

On risk/return basis, only one combination resulted with higher Sharpe Ratio when constructed 

by the mixing approach. This combination is value + size and the difference is minimal of 0.01 

for mixed portfolio’s benefit. For all other portfolios, the Sharpe ratio was higher for the 

integrated approach over the mixing approach with an average improvement across all 

combinations of 0.16. This improvement is an approximate 30% increase in Sharpe Ratio and 

is very significant for risk/return efficiency, considering the increased mean return and 
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decreased mean volatility. Hence, both return maximiser and risk minimizer would prefer the 

integrating approach over mixing approach and our results are consistent with Fitzgibbons et 

al. (2017), Chow et al. (2018), Silvasti et al. (2021). 

 

We found 3%-point difference in maximum drawdowns for the integrating approach’s 

advantage. This is a 7.75% improvement in mean MDD, providing further evidence to support 

the integrating approach. We only use risk and return metrics for mixing approach as we do 

not address the method’s applications with asset pricing theories, but rather use it as a 

comparison to our integrated smart beta portfolios.  

 

Constructing portfolios by mixing approach results in highly significant increase in portfolio 

turnover, seen in Appendix C. On average, the turnover increased by over 60% when going 

from the integrating to the mixing approach. High turnover is associated with high trading 

costs, which further contributes to the decrease in mixed portfolio’s performance. The portfolio 

specific differences between integrating and mixing approaches are in Appendix D.  
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Integrated 

mean 

Mixed 

mean 

Mean 

Difference 

Integrated 
Standard 

Deviation 

Mixed 
Standard 

Deviation 

Standard 
Deviation 

Difference 

Integrated 

SR 

Mixed  

SR 

SR 

Difference 

Integrated 

MDD 

Integrated 

Mix 

MDD 

Difference 

Value + Prof. 9.01% 6.89% 2.13% 19.34% 19.24% 0.10% 0.47 0.36 0.11 35% 43% -8% 

Value + Mom 7.40% 7.16% 0.25% 17.07% 19.38% -2.32% 0.43 0.37 0.06 34% 41% -7% 

Value + BAB 7.41% 6.53% 0.88% 13.68% 16.11% -2.43% 0.54 0.41 0.14 32% 38% -6% 

Value + Size 5.65% 5.98% -0.33% 20.09% 20.74% -0.65% 0.28 0.29 -0.01 43% 44% -1% 

Mom + Prof 12.42% 10.04% 2.38% 15.52% 15.10% 0.42% 0.80 0.66 0.14 30% 30% 0% 

Mom + BAB 10.13% 9.68% 0.45% 11.49% 12.31% -0.82% 0.88 0.79 0.10 26% 27% 0% 

Mom +Size 11.02% 9.13% 1.89% 16.42% 16.16% 0.26% 0.67 0.56 0.11 32% 34% -1% 

Prof + Size 10.20% 8.86% 1.34% 17.29% 15.69% 1.60% 0.59 0.56 0.03 35% 34% 1% 

Prof + BAB 10.17% 9.41% 0.77% 11.10% 11.59% -0.49% 0.92 0.81 0.11 27% 27% 1% 

Size + BAB 9.87% 8.50% 1.37% 11.95% 12.61% -0.66% 0.83 0.67 0.15 28% 30% -2% 

Value + Mom + Prof. 9.12% 8.03% 1.10% 15.12% 17.48% -2.36% 0.60 0.46 0.14 32% 39% -7% 

Value + Mom + Beta 7.70% 7.79% -0.09% 11.64% 15.38% -3.74% 0.66 0.51 0.16 33% 35% -3% 

Value + Mom + Size 12.18% 7.42% 4.76% 16.01% 18.40% -2.40% 0.76 0.40 0.36 32% 40% -8% 

Value + Prof. + BAB 8.55% 7.61% 0.94% 11.46% 15.23% -3.77% 0.75 0.50 0.25 29% 36% -7% 

Value + Prof. + Size 10.39% 7.24% 3.15% 16.73% 18.31% -1.58% 0.62 0.40 0.23 34% 41% -7% 

Value + BAB + Size 8.77% 7.00% 1.77% 12.65% 16.17% -3.52% 0.69 0.43 0.26 33% 38% -4% 

Mom + Prof. + BAB 11.87% 9.71% 2.16% 12.13% 12.78% -0.65% 0.98 0.76 0.22 27% 28% -1% 

Mom + Prof. + Size 12.87% 9.34% 3.53% 16.52% 15.47% 1.05% 0.78 0.60 0.18 32% 33% 0% 

Mom + BAB + Size 10.98% 9.10% 1.88% 12.79% 13.45% -0.66% 0.86 0.68 0.18 30% 30% 0% 

Prof. + BAB + Size 10.67% 8.92% 1.75% 13.22% 13.12% 0.10% 0.81 0.68 0.13 32% 30% 2% 

BAB + Mom + Prof. 

+ Value 

8.53% 8.28% 0.24% 12.03% 15.00% -2.97% 0.71 0.55 0.16 31% 35% -4% 

BAB + Mom + Prof. 

+ Size 

12.62% 9.27% 3.35% 13.51% 13.60% -0.09% 0.93 0.68 0.25 29% 30% -1% 

BAB + Mom + Value 

+ Size 

8.32% 7.83% 0.49% 12.98% 15.66% -2.68% 0.64 0.50 0.14 34% 36% -2% 

BAB + Prof. + Value 

+ Size 

8.47% 7.69% 0.78% 13.52% 15.56% -2.04% 0.63 0.49 0.13 32% 36% -4% 

Mom + Prof. + Value 

+ Size 

10.69% 8.01% 2.68% 16.13% 17.26% -1.13% 0.66 0.46 0.20 33% 38% -5% 

5F 9.60% 8.22% 1.38% 13.45% 15.31% -1.86% 0.71 0.54 0.18 32% 35% -3% 

Mean Differences     1.58%     -1.28%     0.16     -3% 

Table 18 integrating versus Mixing Portfolios. Source: Refinitiv Datastream, own calculations
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8. Asset Pricing Model Testing 

 

This section applies the Ljung-Box test to test for one of the assumptions of independent returns 

in a time series. We further discuss results of the GRS test and describe the factor premiums 

derived by the Fama Macbeth approach.  

 

8.1. Testing for Autocorrelation 

 

Empirical Results: Ljung-Box Test for Autocorrelation 

This table contains the 𝜒𝑚
2 - distributed test statistic for the Ljung-Box test as well as the associated p-value. 

The significance of autocorrelation has been calculated for each style’s 10 decile portfolios and, therefore, 

spans the entire universe.  

decile 

momentum value profitability size beta 

1 19.29* 17.79 26.07** 15.33 21.61** 
 -0.08 -0.12 -0.01 -0.22 -0.04 

2 17.62 18.9* 22.41** 15.72 19.55* 
 -0.12 -0.09 -0.03 -0.2 -0.07 

3 14.93 18.53 17.67 17.2 21.99** 
 -0.24 -0.1 -0.12 -0.14 -0.03 

4 19.78* 16.34 16.34 22.09** 19.42* 
 -0.07 -0.17 -0.17 -0.03 -0.07 

5 18.27 14.8 13.3 15.94 16.56 
 -0.1 -0.25 -0.34 -0.19 -0.16 

6 15.56 16.58 15.16 18.63* 15.95 
 -0.21 -0.16 -0.23 -0.09 -0.19 

7 12.82 14.01 15.39 17.13 11.28 
 -0.38 -0.3 -0.22 -0.14 -0.5 

8 14.68 17.48 12.66 13.48 17.18 
 -0.25 -0.13 -0.39 -0.33 -0.14 

9 12.63 12.9 14.58 15.11 16.12 
 -0.39 -0.37 -0.26 -0.23 -0.18 

10 13.03 25.77 14.53 10.38 13.41 

  -0.36 -0.12 -0.26 -0.58 -0.33 

Table 19: Ljung Box test of Autocorrelation. Source: Refinitiv Datastream, own calculations  

 

All statistical tests are performed using monthly observations. Therefore, to draw sound 

statistical conclusion, we must assume monthly returns to be i.i.d. and normally distributed. 

We support or reject this assumption by running a portmanteau Ljung-Box test and assess the 
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significance of autocorrelation in the sample. The Ljung-Box test has the advantage of testing 

for multiple lags simultaneously. In our tests, we set the maximum number of observed lags to 

m=12, i.e., one year, which is assumed to capture seasonal effects. Table 19 reports the 𝜒𝑚
2 - 

distributed test statistic as well as the associated p-value for each style’s 10 decile portfolios.  

 

The Ljung-Box test has under the 𝐻0 that autocorrelation is zero for each lag=1, …, 12. Large 

p-values suggest failure to reject 𝐻0. In our sample, we fail to reject 𝐻0 for any conventional 

significance level for 39 out of 50 portfolios. These seem to have zero autocorrelation for all 

lags k=1, …, 12. None of the portfolios show significance on a 1% level, and 5 out of 50 

portfolios stay below the 5% hurdle. Additional 6 portfolios show autocorrelation in at least 

one of the lags on a 10% level. The assumption of zero autocorrelation seems to hold for most 

portfolios. We still interpret our findings with caution as the assumption of i.i.d. returns is not 

fully proven. As mentioned in the methodology, we mitigate the effect of heteroscedasticity 

and autocorrelations in the error terms by applying Newey West’s (1986) estimator to OLS 

regressions. The number of lags is set according to Greene (2012) to 𝑇
1

4⁄ . 

 

The results of the Ljung-Box test are consistent with Fama and French (1988) who find non-

zero autocorrelation for short timeframes (e.g., daily returns), but insignificant autocorrelation 

for longer periods (e.g., yearly returns). Main factor for non-existent autocorrelation in longer 

periods may be the random-walk component in asset prices. The same effect likely influences 

the monthly observations in our analysis. We highlight the cluster of significant 

autocorrelations in low-beta strategies and suggest further research to draw inference on 

explanation and predictability of returns in low-beta strategies.  

 

8.2. Testing the Asset Pricing Models  

 

In empirical asset pricing tests researchers have usually applied a t-value cut-off of 1.96 to 

determine the significance of a factor. Harvey et al. (2016) propose a t-stat hurdle larger than 

two as statistical tests cannot be assessed individually, and multiple testing needs to be 

considered. For example, the more factors are proposed to drive the cross-section of expected 

returns, the more factors will be significant by pure randomness. This false discovery 

proportion (FDP) increases with the number of tested factors. To overcome the multiple testing 
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problem, we assess significance in a theoretical single test environment, as well as in a multiple 

testing environment with the t-stat hurdle of 2.78 proposed by Hou et al. (2020). 

 

The Fama-MacBeth (1973) approach allows for estimation of the risk premia of factors. If a 

factor cannot explain the cross-section of returns, its risk premium will also be indifferent from 

zero. A statistically significant intercept  �̃�0 implies that the tested factors are not able to fully 

explain the cross-section of returns. The regressions are applied to the constituents of the index.  

Table 20 summarises the findings of the Fama MacBeth regressions for 2002 – 2020 and states 

estimated risk premia and respective t-statistics. For consistency, we calculate t-statistics for 

𝐻0: �̃� = 0 for all risk premia. In the right most column we report the GRS test on time series 

regressions for the period 2002 – 2020. As described above, for an asset pricing model to be 

fully capable of explaining returns, we assume the GRS to hold for any portfolio sorts.  

 

For the time-period 2002 – 2020 we reject the 𝐻0 of the GRS test that all 𝑎𝑖 are equal to zero 

at a 5% significance level. With none of the asset pricing models, the time-series OLS 

regression’s intercepts are statistically insignificant. Therefore, we must assume that additional 

factors, which are not included in our proposed models, at least partly drive returns of assets in 

our universe. The GRS statistic does not allow to draw inference of outperformance of one 

model to another if both models’ results are insignificant. The GRS test does not help us 

determine statistical superiority of one model to the other.  

 

Appendix E shows the results for the GRS test in subperiods of 2002 – 2011 as well as 2012 – 

2020. For the early period results remain unchanged; for none of the portfolios the null 

hypothesis holds at 5% significance. In the period 2012 – 2020 momentum sorted portfolios 

are explained by three models on a 5% significance: FF3, FF3 + RMW and FF3 + WML. 

Adding the BAB factor to those models increases the intercept both economically and in 

significance, and results in rejection of the GRS test’s null hypothesis. Intuitively, we would 

expect the intercept of an augmented model to be at most the intercept of the baseline model 

as more explanatory factors should explain a larger share of returns. We rephrase the intercept 

as �̂� = �̅� − �̂��̅� where �̂� is the estimated intercept, �̅� the mean in-sample of the explained 

variable, �̂� the (kx1)’ vector of estimated sensitivity factors and �̅� the mean in-sample of the k 

regressors. In this context, an additional factor increases the intercept if either �̅�𝑘 or the 
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sensitivity to that factor is negative. For BAB, sensitivity factors are negative across 

momentum and its mean is positive. Therefore, adding the factor increases intercepts.  

 

The results for the Fama-MacBeth regressions differ for the portfolio sorts. In Panel A we 

present the risk premia estimates for market capitalization sorted portfolios. Note that for none 

of the models the intercepts are significant, which implies that size sorted portfolios have 

insignificant cross-section of expected returns. Intuitively, the risk premia associated to the size 

factor are zero for every model as the portfolio sort already accounts for that characteristics. 

For tests of the CAPM, the estimated coefficients seem to align with the conditions for the 

model to hold, namely �̃�0 = 0 and �̃�𝑀𝐾𝑇 = 0.56% ≈ 𝐸[𝑅𝑚 − 𝑅𝐹] = 0.50%. The same 

assumptions (�̃�𝑀𝐾𝑇 ≈ 𝐸[𝑅𝑚 − 𝑅𝐹] and �̃�𝑖 ≈ 0 for all other risk premia) seem to hold for FF3 

+ RMW. Although estimators of FMB support the CAPM, or phrased less stringent, do not 

reject the CAPM, the GRS test rejects. We explain the discrepancy by the different hypotheses 

of the tests, as the GRS tests the joint significance of time-series intercepts and FMB estimates 

the cross-sectional relation of risk premia and expected returns. After accounting for SMB and 

HML, the BAB factor’s risk premium is on the verge of significance when assessing by the 

multiple testing hurdle. When we further include RMW and WML, observations are less noisy, 

and the interconnectedness of the factors increases the significance of the BAB risk premium. 

Size sorted portfolios assign a negative risk premium to the BAB factor which in combination 

with the negative BAB sensitivity factor leads to an increased intercept. We find that the lower 

the market value of a portfolio, the lower also its market beta, and the lower the BAB 

sensitivity. The negative risk premium on the BAB factor helps explain the higher expected 

returns in small market value portfolios.  

 

Panel B summarizes statistics for assets sorted by Book Value of Equity / Market Value of 

Equity. Testing the CAPM leads to a positive and significant intercept. The market risk 

premium is on the verge of significance, but negative, which implies a negative slope of the 

security market line, i.e., the higher the beta, the lower expected returns. Including SMB and 

HML moves the intercept closer to zero but the cross-section of value sorted portfolio returns 

remains unexplained. Compared to a t-stat of 1.96 all risk premia in FF3 are significant. The 

significance in HML may be caused by the difference in weighting, as the test assets are ranking 

weighted and Fama’s portfolios are value weighted. The intercept remains significant 
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compared to a t-stat of 2.78 until the BAB factor is included in the analysis. The strongly 

negative (and almost significant) risk premia for market factor and BAB, suggest that value 

also influences low-beta strategies, with high value stocks entailing higher market beta.  

 

Panel C shows portfolios based on profitability sorted assets. For CAPM, both intercept and 

market risk premium are significant. This results again in the interpretation that with increasing 

beta, the expected return decreases. Additionally, profitability sorted portfolios show a negative 

risk premium towards value when the asset pricing model includes the BAB factor. The excess 

returns seem to be driven by a reversed value effect, where lower value stocks (growth stocks) 

have higher profitability and deliver higher expected returns.  

 

The results for momentum sorted portfolios are presented in Panel D. All intercepts are 

insignificant compared to t-stat of 2.78. Only for FF3 the risk premium for the HML factor 

(�̃�𝐻𝑀𝐿) surpasses that hurdle. The negative sign implies that low Book/Market companies have 

higher expected returns. Since none of the other factors are significant, we assume that the 

momentum premium is distributed uniformly across the investment universe and is 

independent of firm characteristics. Panel E shows results for beta sorted portfolios. FMB 

suggests that apart from the intercepts, none of the risk premia are significant. Beta sorted 

portfolios have expected excess returns unexplained by the proposed factors and validate the 

preposition that a low-beta strategy captures abnormal returns.  

 

Fama-Macbeth estimators of risk premia 

The table consists of estimated monthly risk premia for each factor, estimated with Fama-Macbeth (1973) 

regressions over the period 2002 – 2020. Associated t-statistics are stated in brackets. Additionally, we 

present the GRS statistic and indicate significance on a 1% level with ***, 5% with ** and 10% with *. 

Each panel in the table refers to estimators for one of the five portfolio sorts.  

Panel A: SIZE sorted portfolios 

  �̃�𝟎 �̃�𝑴𝑲𝑻 �̃�𝑺𝑴𝑩 �̃�𝑯𝑴𝑳 �̃�𝑹𝑴𝑾 �̃�𝑾𝑴𝑳 �̃�𝑩𝑨𝑩 GRS 

CAPM 
0.0012 0.0056           

15.49*** 
[0.17] [0.54]           

FF3 
0.0016 -0.0015 0.0001 -0.0035       

5.59*** 
[0.22] [-0.14] [0.07] [-0.87]       

FF3 + RMW 
-0.0034 0.0057 -0.0007 -0.0029 -0.0006     

2.79*** 
[-0.45] [0.55] [-0.34] [-0.73] [-0.20]     

FF3 + WML 
-0.0005 0.0003 -0.0002 -0.0024   -0.013   

4.48*** 
[-0.06] [0.03] [-0.09] [-0.57]   [-1.52]   
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FF3 + BAB 
-0.0035 -0.002 -0.002 -0.0045     -0.0064 

11.35*** 
[-0.45] [-0.19] [-0.95] [-1.10]     [-2.49] 

FF3 + RMW + 

WML + BAB 

-0.009 -0.0016 -0.0041 -0.0036 -0.0029 -0.0169 -0.0102 
5.58*** 

[-1.09] [-0.14] [-1.71] [-0.78] [-0.8] [-1.54] [-3.1] 

Panel B: VALUE sorted portfolios 

  �̃�𝟎 �̃�𝑴𝑲𝑻 �̃�𝑺𝑴𝑩 �̃�𝑯𝑴𝑳 �̃�𝑹𝑴𝑾 �̃�𝑾𝑴𝑳 �̃�𝑩𝑨𝑩 GRS 

CAPM 
0.0208 -0.0215      13.01*** 
[3.97] [-2.47] 

     

FF3 
0.0162 -0.0174 -0.0065 -0.0045    6.81*** 
[3.35] [-2.20] [-2.03] [-1.96] 

 

  

FF3 + RMW 
0.0183 -0.0187 -0.0045 -0.0046 -0.0009   5.32*** 
[3.49] [-2.18] [-1.36] [-2.04] [-0.42] 

  

FF3 + WML 
0.0182 -0.019 -0.0043 -0.0046  0.0002  2.97*** 
[3.13] [-1.96] [-1.03] [-1.56] 

 
[0.03] 

 

FF3 + BAB 
0.0117 -0.0224 -0.0071 -0.0055   -0.0087 

8.60*** 
[2.26] [-2.54] [-2.14] [-2.40] 

  
[-2.64] 

FF3 + RMW + 

WML + BAB 

0.014 -0.0228 0.0039 -0.0044 -0.0006 0.0003 -0.0046 
5.75*** 

[1.95] [-1.79] [0.90] [-1.38] [-0.22] [0.03] [-1.10] 

Panel C: PROFITABILITY sorted portfolios 

  �̃�𝟎 �̃�𝑴𝑲𝑻 �̃�𝑺𝑴𝑩 �̃�𝑯𝑴𝑳 �̃�𝑹𝑴𝑾 �̃�𝑾𝑴𝑳 �̃�𝑩𝑨𝑩 GRS 

CAPM 
0.0243 -0.0264           

34.91*** 
[4.16] [-2.98]           

FF3 
0.0089 -0.0113 0.0023 -0.0071       

16.49*** 
[1.65] [-1.33] [0.57] [-2.63]       

FF3 + RMW 
0.0071 -0.0066 0.0001 -0.0057 0.0052     

10.91*** 
[1.35] [-0.82] [0.03] [-2.02] [1.88]     

FF3 + WML 
0.0099 -0.0154 0.0016 -0.0081   -0.018   

11.4*** 
[1.75] [-1.65] [0.39] [-2.77]   [-2.12]   

FF3 + BAB 
0.0099 -0.0109 0.003 -0.0081     0.0009 

18.08*** 
[1.61] [-1.2] [0.72] [-2.93]     [0.30] 

FF3 + RMW + 

WML + BAB 

0.0058 -0.0104 -0.0025 -0.0094 0.0044 -0.0127 -0.0049 
10.39*** 

[0.76] [-1.04] [-0.49] [-3.00] [1.57] [-0.98] [-1.07] 

Panel D: MOMENTUM sorted portfolios 

  �̃�𝟎 �̃�𝑴𝑲𝑻 �̃�𝑺𝑴𝑩 �̃�𝑯𝑴𝑳 �̃�𝑹𝑴𝑾 �̃�𝑾𝑴𝑳 �̃�𝑩𝑨𝑩 GRS 

CAPM 
0.0166 -0.0177           

22.75*** 
[2.46] [-1.79]           

FF3 
0.0058 -0.0042 -0.0045 -0.0097       

7.02*** 
[1.03] [-0.45] [-1.04] [-2.86]       

FF3 + RMW 
0.0078 -0.0014 -0.006 -0.0092 0.0044     

3.57*** 
[1.46] [-0.16] [-1.55] [-2.67] [1.69]     

FF3 + WML 0.0067 -0.0036 -0.0087 -0.0054   0.0055   3.31*** 
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[1.26] [-0.42] [-2.23] [-1.36]   [1.61]   

FF3 + BAB 
0.0089 -0.0077 -0.0024 -0.0078     -0.0007 

8.27*** 
[1.35] [-0.65] [-0.57] [-2.33]     [-0.23] 

FF3 + RMW + 

WML + BAB 

0.0127 -0.0058 -0.0093 -0.0038 0.0029 0.0046 -0.0011 
4.45*** 

[1.92] [-0.51] [-2.19] [-0.80] [0.77] [1.28] [-0.38] 

Panel E: BETA sorted portfolios 

  �̃�𝟎 �̃�𝑴𝑲𝑻 �̃�𝑺𝑴𝑩 �̃�𝑯𝑴𝑳 �̃�𝑹𝑴𝑾 �̃�𝑾𝑴𝑳 �̃�𝑩𝑨𝑩 GRS 

CAPM 
0.0087 -0.0068           

38.32*** 
[3.46] [-1.18]           

FF3 
0.0098 -0.0088 0.0009 -0.0026       

12.17*** 
[3.24] [-1.45] [0.19] [-0.81]       

FF3 + RMW 
0.0091 -0.0101 0.0021 -0.0011 -0.0044     

5.92*** 
[3.02] [-1.57] [0.46] [-0.35] [-1.74]     

FF3 + WML 
0.0109 -0.0103 0.001 -0.0033   -0.0044   

6.33*** 
[3.04] [-1.63] [0.20] [-0.92]   [-0.59]   

FF3 + BAB 
0.0079 -0.004 -0.002 -0.0024     -0.0003 

9.07*** 
[2.61] [-0.57] [-0.41] [-0.62]     [-0.1] 

FF3 + RMW + 

WML + BAB 

0.0125 -0.0078 -0.0114 -0.0036 -0.0064 -0.0159 -0.0013 
4.82*** 

[3.07] [-0.94] [-1.51] [-0.87] [-1.99] [-1.26] [-0.37] 

Table 20: Asset Pricing Models. Fama Macbeth estimators and GRS test. Source: Refinitiv Datastream, own calculations 
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9. Discussion 

 

The integration approach needs to be applied conservatively and it is dependent on the equities 

available in the universe. Let us assume that we want to construct a portfolio with a predefined 

number of constituents and a desired exposure to two different styles, say high momentum and 

low-beta. If none of the equities show this combination, we must lower the cut-off and include 

equities with lower exposure to the factors. A more extreme example is the 5-factor smart beta 

portfolio. Here, we end up with a negative exposure to the WML factor as not enough securities 

in our universe combine the desired factors. No matter how lucrative single strategies may 

appear when assessed individually, style factors are not uniformly distributed, and certain 

combinations may be non-existent in the universe. Therefore, investors need to assess and 

balance the trade-off between including more factors and having higher exposure to the factors 

already included in their strategy.  Our results are consistent with saturation of factors within a 

strategy as too many factors dilute the focus.  

 

The BAB factor is relatively young among our factor selection, and the known phenomenon of 

decaying factor premia supports the strong evidence we find for BAB factor’s performance. 

The general diminishing factor premia and consequent disappointing out-of-sample 

performance is supported by e.g., McLean & Pointiff (2016) and Arnott et al. (2019). As the 

factor was reported in 2013, the majority of the sample period is so-called in-the-sample, 

whereas for value, size, and momentum the whole period is out-of-sample and we would expect 

those factors to be unbiased by any in-the-sample data.  

 

The RMW factor was reported in the same year as BAB and requires similar scepticism. 

However, the performance of the profitability factor does not raise to the same level as the low-

beta strategy. We cannot conclude that these newly introduced factors would diminish in the 

future but want to highlight the possibility based on previous literature.  

 

Our single-factor portfolios deviate from Fama French and AQR factor portfolios, due to the 

limited universe and long-only nature. This cross-comparison enables us to estimate how 

strongly the factor portfolios are driven by the short leg. However, we cannot estimate the size 

effect much due to our large cap bias. Consequently, the market correlation of SMB and our 
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size portfolio differ a lot. The Fama French SMB factor portfolio had very low market 

correlation whereas our single-factor portfolio had correlation of 0.81. Additionally, the SMB 

portfolio’s market correlation increased and our single-factor size portfolio’s decreased during 

the financial crisis. Consequently, if the factor portfolios differ as much as they do here, one 

has to be careful with making estimations based on the signals. Rigorous factor model testing 

on the data is necessary to lay expectations for each stock universe for which portfolio 

construction should be based upon. 

 

The most consistent outcome was the smart beta portfolio construction approach. It is 

abundantly clear that the integration approach will improve the performance. We do not focus 

on the reason why but argue this is possibly due to two main reasons. Firstly, the mixing method 

decreases the optimal factor exposure by including stocks highly attractive on one factor 

measure and simultaneously, highly unattractive on another factor measure. Secondly, the 

mixing approach is a cost heavy strategy as the same stocks could be traded unnecessarily 

multiple times at portfolio construction and resulted in higher turnover ratio. The latter bias 

becomes more relevant when employing a long-short portfolio, as it could be subject to a long 

trade for first factor portfolio and sold short for second factor portfolio, resulting in double 

transaction costs but net zero exposure. 

 

Employing the smart beta strategies in this thesis with exceptionally high assets under 

management could become problematic. This is mainly due to the ranking based weighting 

scheme that overvalues lower market capitalization stocks. Concerns are particularly present 

for the 1-factor smart beta portfolio as, per construction, the smallest firm is assigned the largest 

weight. For large institutional investors volume is one of the main decision factors when 

applying a new strategy and, therefore, an investment strategy including the size factor in our 

setup with overweighting small cap firms might increase trading cost, including market impact, 

significantly. In our approach we still aimed for a widely applicable strategy by excluding 

companies trading at less than €1 and focusing on the 600 largest equities in the European stock 

market. These measures might not reach far enough to make the tested strategies widely 

accessible.  

 

We notice that the Fama MacBeth approach in this thesis is biased due to the weighting scheme 

of the test assets and hardly comparable to previous literature. Usually, when testing asset 
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pricing models, one sorts portfolios based on value and size to remove bias towards these 

factors. We chose a different approach and aimed to capture risk premia associated to assets in 

our investment universe, with the weighting scheme used for our portfolios. The results are, 

therefore, highly specific and will inevitably deviate from other literature applying the Fama 

MacBeth approach. We justify the approach in our setting by stating the motivation behind the 

approach: to test the risk premia in our setting.  
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10. Conclusion 

During the last decade we saw the rise of smart beta investing, as the strategy was more widely 

implemented by the ETF structure. The low-cost vehicle has gained investors’ favour, and fund 

managers are seeking strategies compatible with passive management that can create high 

volume products with a greater degree of focus than traditional index tracking ETFs. This 

global implementation justifies the study on multi-factor-based investing in current time. 

 

This research aimed to test whether a smart beta strategy with an alternative weighting scheme 

is capable of delivering excess returns over a value-weighted index in the European equity 

market. Engaging data on the 600 largest stocks in Europe, which is highly followed by passive 

index funds, we find comparability to smart beta strategies from a “non-smart” alternative 

strategy. The results show that single-factor and multi-factor smart beta portfolios have 

overperformed the relevant market index when measured at both return and risk metrics in the 

period from 2002 to 2020. We find higher CAPM alpha and lower maximum drawdown for 

every smart beta portfolio, except for the single factor high B/M-value portfolio. These 

performance findings on various smart beta portfolios are consistent with previous literature 

and suggest that asset pricing anomalies associated to small cap, high profitability, high 

momentum and low-beta are capable of outperforming the benchmark. Our results are also in 

line with results of high B/M-value portfolios underperforming in our time-period. We note 

that the Fama and French asset pricing models are not fully capable of explaining excess returns 

in the investment universe. For time-series intercepts, the applied GRS test rejects for most 

models, test assets and time periods. The risk premia obtained in the cross-sectional Fama 

MacBeth regression support superior performance of some factor combinations to an extent.  

 

We further find evidence for the superiority of the integration approach in portfolio 

construction over mixing of single-factor portfolios. Investors can achieve higher return on risk 

through more optimal stock picking. However, adding many factors into one strategy decreases 

the sensitivity to each individual factor and creates a scarce selection of stocks that pass the 

desired characteristics. The mixing approach includes stocks that have unwanted factor 

loadings in the portfolios which is the rationale of the integration approach’s superiority. Our 

results suggests that best diversification and returns are obtained on average by following a 

three-factor smart beta strategy. The majority of previous literature support our findings but 
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depending on the set-up, the results have some disparity. Many previous researches excluded 

all costs related to trading, whereas we included and subtracted activity-based trading costs 

from both smart beta strategies and the benchmark index. Cost-efficiency is one key contributor 

to the integration’s superiority as the average turnover is significantly lower in magnitude. 

 

The integration approach has some disadvantages to the mixing approach. The lesser 

transparency makes it more difficult to backtrack the source of return contribution by factor 

premiums in the portfolio. Furthermore, the mixing approach does not create as limited of a 

group of investable stocks as the integration does. This can be associated with further costs on 

the integrated portfolio if the fund’s assets under management is large and the ownership stake 

in single stocks inflate out of proportion and liquidity becomes an issue. However, our data 

consists of large cap stocks and we make an assumption that liquidity will not become an issue. 
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Appendix 

Appendix A 

SMB D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 

Market beta 0.79 0.81 0.82 0.82 0.83 0.86 0.84 0.87 0.89 0.90 

Mean log return 
0.66% 
(2.02) 

0.65% 
(1.87) 

0.69% 
(2.08) 

0.71% 
(2.18) 

0.63% 
(1.91) 

0.49% 
(1.49) 

0.48% 
(1.51) 

0.56% 
(1.74) 

0.39% 
(1.23) 

0.24% 
(0.73) 

St.Dev 4.95% 5.27% 5.05% 4.93% 4.95% 4.93% 4.80% 4.89% 4.84% 5.04% 
SR 0.13 0.12 0.14 0.14 0.13 0.10 0.10 0.12 0.08 0.05 
IR 0.18 0.17 0.22 0.24 0.20 0.12 0.13 0.20 0.07 -0.08 
TR 0.45% 0.40% 0.46% 0.50% 0.39% 0.20% 0.20% 0.31% 0.08% -0.11% 

MDD 36.72% 40.43% 38.17% 42.25% 42.00% 44.99% 38.14% 42.99% 44.16% 45.99% 
Turnover 84 80 74 69 64 57 48 38 30 24 

Avg Mkt Cap (€M) 1,969 2,372 2,914 3,615 4,583 5,932 8,136 12,210 21,194 62,219 

HML D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 

Market beta 1.15 0.89 0.84 0.78 0.77 0.74 0.69 0.64 0.62 0.57 
Mean log return 0.33% 0.46% 0.46% 0.53% 0.45% 0.51% 0.55% 0.70% 0.71% 0.64% 

St.Dev 7.38% 5.62% 5.30% 5.00% 4.87% 4.76% 4.55% 4.33% 4.38% 4.25% 
SR 0.05 0.08 0.09 0.11 0.09 0.11 0.12 0.16 0.16 0.15 
IR 0.00 0.07 0.08 0.14 0.09 0.13 0.16 0.24 0.22 0.16 
TR 0.29% 0.52% 0.55% 0.69% 0.58% 0.69% 0.80% 1.08% 1.15% 1.12% 

MDD 71.56% 55.94% 58.55% 53.86% 58.08% 50.89% 48.50% 45.98% 45.38% 57.58% 
Turnover 35 64 77 81 81 79 77 70 61 49 

Avg Mkt Cap (€M) 11,107 12,372 12,715 11,579 11,769 13,078 13,439 13,837 12,043 13,591 
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MOM D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 

Market beta 1.08 0.92 0.85 0.81 0.79 0.78 0.78 0.77 0.78 0.87 

Mean log return 
-0.02% 
(-0.05) 

0.35% 
(0.87) 

0.32% 
(0.88) 

0.46% 
(0.88) 

0.59% 
(1.39) 

0.61% 
(1.87) 

0.68% 
(2.13) 

0.69% 
(2.39) 

0.74% 
(2.43) 

0.86% 
(2.73) 

St.Dev 7.10% 6.08% 5.54% 5.06% 4.78% 4.31% 4.11% 4.37% 4.57% 4.76% 

SR 0.00 0.06 0.06 0.09 0.12 0.14 0.17 0.16 0.16 0.18 

IR -0.10 0.01 0.00 0.09 0.19 0.22 0.25 0.20 0.20 0.20 

TR -0.02% 0.37% 0.38% 0.60% 0.79% 0.92% 1.10% 1.09% 1.13% 1.33% 

MDD 65.65% 50.09% 49.68% 43.46% 41.95% 38.66% 33.87% 37.18% 35.54% 30.47% 

Turnover 106 120 126 130 129 131 129 126 119 83 

Avg Mkt Cap (€M) 10,065 12,372 14,388 14,129 14,299 14,156 13,431 13,038 11,023 8,615 

BAB D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 

Market beta 0.31 0.48 0.59 0.68 0.77 0.85 0.95 1.06 1.21 1.53 

Mean log return 
0.75% 
(4.08) 

0.75% 
(3.44) 

0.62% 
(2.53) 

0.80% 
(2.85) 

0.53% 
(1.76) 

0.51% 
(1.50) 

0.45% 
(1.25) 

0.30% 
(0.73) 

0.29% 
(0.64) 

0.17% 
(0.30) 

St.Dev 2.79% 3.30% 3.73% 4.24% 4.55% 5.11% 5.46% 6.12% 6.96% 8.24% 

SR 0.27 0.23 0.17 0.19 0.12 0.10 0.08 0.05 0.04 0.02 

IR 0.14 0.19 0.16 0.30 0.14 0.12 0.08 -0.02 -0.01 -0.04 

TR 2.54% 1.79% 1.16% 1.25% 0.76% 0.64% 0.53% 0.30% 0.27% 0.13% 

MDD 21.94% 28.67% 34.34% 33.80% 40.89% 44.67% 43.34% 55.85% 54.37% 65.21% 

Turnover 31 55 67 79 83 85 85 81 72 64 

Avg Mkt Cap (€M) 15,021 10,951 11,597 11,487 11,886 13,054 12,735 13,182 13,235 12,399 
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RMW D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 

Market beta 0.92 0.87 0.86 0.85 0.84 0.86 0.86 0.84 0.79 0.75 

Mean log return 
0.17% 
(0.44) 

0.30% 
(0.83) 

0.55% 
(1.59) 

0.51% 
(1.59) 

0.35% 
(1.07) 

0.70% 
(2.18) 

0.64% 
(1.99) 

0.70% 
(2.18) 

0.72% 
(2.42) 

0.81% 
(2.86) 

St.Dev 5.82% 5.58% 5.27% 4.85% 4.97% 4.88% 4.88% 4.82% 4.47% 4.29% 

SR 0.03 0.06 0.11 0.11 0.07 0.14 0.13 0.14 0.16 0.19 

IR -0.06 -0.01 0.15 0.14 0.02 0.26 0.22 0.26 0.27 0.28 

TR 0.19% 0.35% 0.66% 0.68% 0.46% 0.93% 0.86% 0.95% 1.09% 1.35% 

MDD 51.45% 50.95% 41.29% 41.08% 45.10% 36.45% 37.77% 39.74% 36.92% 34.95% 

Turnover 44 47 54 59 63 61 58 51 45 29 

Avg Mkt Cap (€M) 14,623 11,521 11,859 11,775 12,336 12,235 12,166 13,270 12,941 12,788 
Table 21. Portfolio performance metrics by deciles. Source: Refintiv Datastream, own calculation 

s
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Appendix B 

 

Table 22: Country Exposure of the Index. Source: Refinitiv Datastream, own calculations 
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Appendix C 

Average Turnover per Rebalancing Date 

Two-Factor Portfolios  Three-Factor Portfolios 
  

Combination Integration Mixing   Combination Integration Mixing 

Value + Size 0.77 0.20 

 

Value + Mom + Prof 0.63 0.29 

Value + Beta  0.77 0.16 

 

Value + Mom + Beta 0.64 0.29 

Value + Mom 0.77 0.32 

 

Value + Mom + Size 0.87 0.29 

Value + Prof 0.41 0.18 

 

Value + Prof + Beta 0.41 0.19 

Mom +Prof 0.72 0.29 

 

Value + Prof + Size 0.64 0.20 

Mom+ Beta 0.74 0.32 

 

Value + Beta + Size 0.65 0.18 

Mom + Size 1.08 0.32 

 

Mom + Prof + Beta 0.61 0.27 

Prof + Size 0.73 0.20 

 

Mom + Prof + Size 0.84 0.27 

Prof + Beta 0.39 0.14 

 

Mom + Beta + Size 0.85 0.29 

Size + Beta 0.74 0.19 

  

Prof + Beta + Size 0.62 0.18 

Four-Factor Portfolios   Five-Factor Portfolio 

  

Combination Integration Mixing   Combination Integration Mixing 

Beta + Mom +  
Prof + Value 

0.58 0.26 
 

Size + Value + Prof. + 
Mom + Beta 

0.68 0.25 

Beta + Mom +  
Prof + Size 

0.73 0.26 
    

Beta + Mom + 
Value + Size 

0.75 0.26 
    

Beta + Prof +  
Value + Size 

0.58 0.19 
    

Mom + Prof + 
Value + Size 

0.75 0.27         

Table 23: Average Turnover per Rebalancing Date. Source: Refnitiv Datastream, own calculations 
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Appendix D 

  
Integrated 

mean 
Mixed 
mean 

Mean 
Difference 

Integrated 
StDev 

Mixed 
StDev 

StDev 
Difference 

Integrated 
SR 

Mixed  
SR 

SR 
Difference 

Integrated 
MDD 

Mixed  
MDD 

MDD 
Difference 

Value + Prof. 9.01% 6.89% 2.13% 19.34% 19.24% 0.10% 0.47 0.36 0.11 35% 43% -8% 

Value + Mom 7.40% 7.16% 0.25% 17.07% 19.38% -2.32% 0.43 0.37 0.06 34% 41% -7% 

Value + BAB 7.41% 6.53% 0.88% 13.68% 16.11% -2.43% 0.54 0.41 0.14 32% 38% -6% 

Value + Size 5.65% 5.98% -0.33% 20.09% 20.74% -0.65% 0.28 0.29 -0.01 43% 44% -1% 

Mom + Prof 12.42% 10.04% 2.38% 15.52% 15.10% 0.42% 0.80 0.66 0.14 30% 30% 0% 

Mom + BAB 10.13% 9.68% 0.45% 11.49% 12.31% -0.82% 0.88 0.79 0.10 26% 27% 0% 

Mom +Size 11.02% 9.13% 1.89% 16.42% 16.16% 0.26% 0.67 0.56 0.11 32% 34% -1% 

Prof + Size 10.20% 8.86% 1.34% 17.29% 15.69% 1.60% 0.59 0.56 0.03 35% 34% 1% 

Prof + BAB 10.17% 9.41% 0.77% 11.10% 11.59% -0.49% 0.92 0.81 0.11 27% 27% 1% 

Size + BAB 9.87% 8.50% 1.37% 11.95% 12.61% -0.66% 0.83 0.67 0.15 28% 30% -2% 

Value + Mom + Prof. 9.12% 8.03% 1.10% 15.12% 17.48% -2.36% 0.60 0.46 0.14 32% 39% -7% 

Value + Mom + BAB 7.70% 7.79% -0.09% 11.64% 15.38% -3.74% 0.66 0.51 0.16 33% 35% -3% 

Value + Mom + Size 12.18% 7.42% 4.76% 16.01% 18.40% -2.40% 0.76 0.40 0.36 32% 40% -8% 

Value + Prof. + BAB 8.55% 7.61% 0.94% 11.46% 15.23% -3.77% 0.75 0.50 0.25 29% 36% -7% 

Value + Prof. + Size 10.39% 7.24% 3.15% 16.73% 18.31% -1.58% 0.62 0.40 0.23 34% 41% -7% 

Value + BAB + Size 8.77% 7.00% 1.77% 12.65% 16.17% -3.52% 0.69 0.43 0.26 33% 38% -4% 

Mom + Prof. + BAB 11.87% 9.71% 2.16% 12.13% 12.78% -0.65% 0.98 0.76 0.22 27% 28% -1% 

Mom + Prof. + Size 12.87% 9.34% 3.53% 16.52% 15.47% 1.05% 0.78 0.60 0.18 32% 33% 0% 

Mom + BAB + Size 10.98% 9.10% 1.88% 12.79% 13.45% -0.66% 0.86 0.68 0.18 30% 30% 0% 

Prof. + BAB + Size 10.67% 8.92% 1.75% 13.22% 13.12% 0.10% 0.81 0.68 0.13 32% 30% 2% 

BAB + Mom + Prof. + 
Value 

8.53% 8.28% 0.24% 12.03% 15.00% -2.97% 0.71 0.55 0.16 31% 35% -4% 

BAB + Mom + Prof. + 
Size 

12.62% 9.27% 3.35% 13.51% 13.60% -0.09% 0.93 0.68 0.25 29% 30% -1% 

BAB + Mom + Value + 
Size 

8.32% 7.83% 0.49% 12.98% 15.66% -2.68% 0.64 0.50 0.14 34% 36% -2% 

BAB + Prof. + Value + 
Size 

8.47% 7.69% 0.78% 13.52% 15.56% -2.04% 0.63 0.49 0.13 32% 36% -4% 

Mom + Prof. + Value 
+ Size 

10.69% 8.01% 2.68% 16.13% 17.26% -1.13% 0.66 0.46 0.20 33% 38% -5% 

5F 9.60% 8.22% 1.38% 13.45% 15.31% -1.86% 0.71 0.54 0.18 32% 35% -3% 

Table 24. Smart Beta Portoflios’ Statistics: Integrating versus Mixing. Source: Refintiv Datastream, own calculations 
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Appendix E 

GRS statistic split over time periods 

Panel A: GRS statistic for 2002 - 2011 

assets sorted by  size value profitability momentum beta 

model           

CAPM 8.79*** 6.76*** 26.97*** 16.98*** 22.98*** 

FF3 3.52*** 5.89*** 13.69*** 5.48*** 6.94*** 

FF3 + RMW 2.19** 4.57*** 8.78*** 2.54** 4.21*** 

FF3 + WML 2.6** 3.50*** 9.65*** 3.09*** 2.7** 

FF3 + BAB 7.94*** 5.40*** 14.95*** 5.33*** 4.49*** 

FF3 + RMW + WML 

+ BAB 
4.03*** 5.24*** 8.67*** 3.24*** 3.06*** 

Panel B: GRS statistic for 2012 - 2020 

assets sorted by  size value profitability momentum beta 

model           

CAPM 23.39*** 18.47*** 20.46*** 9.74*** 28.26*** 

FF3 6.75*** 4.18*** 6.02*** 2.19* 7.12*** 

FF3 + RMW 5.18** 3.13*** 4.52*** 1.51 5.09*** 

FF3 + WML 6.85** 2.83** 4.08*** 1.65 4.6** 

FF3 + BAB 12.14*** 5.62*** 7.81*** 5.12*** 8.24*** 

FF3 + RMW + WML 

+ BAB 
7.57*** 3.33*** 4.47*** 3.27*** 4.9*** 

Table 25: GRS Statistic for period 2002-2011 and 2012-2020. Source: Refinitiv Datastream, K. French Data library & AQR 

Data library, own calculations 
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Appendix F 

 

Table 26: Industry Exposure of the Index. Source: Refinitiv Datastream, own calculations 
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Appendix G 

Panel A: one factor portfolios (2002 - 2011) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

mom 0.08 0.63 13.08% 13.84% 0.94 0.55 0.21 10.20% 

 [2.33] [-3.99]       

beta 0.07 0.36 10.48% 9.24% 1.13 0.20 0.29 8.34% 

 [2.84] [-8.5]       

size 0.03 0.80 10.18% 14.88% 0.68 0.26 0.13 14.39% 

 [1.22] [-2.67]       

prof 0.09 0.65 14.27% 13.59% 1.05 0.84 0.22 11.04% 

 [2.65] [-4.01]       

value -0.04 1.31 7.58% 23.50% 0.32 -0.09 0.06 24.40% 

  [-0.93] [3.52]             

Panel B: one factor portfolios (2012 - 2020) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

mom 0.05 0.65 7.56% 18.54% 0.41 0.76 0.12 30.47% 

 [1.26] [-4.94]       

beta 0.07 0.27 7.75% 10.06% 0.77 0.70 0.29 21.94% 

 [2.21] [-20.03]       

size 0.03 0.70 5.56% 18.89% 0.29 0.81 0.08 36.72% 

 [0.72] [-5.57]       

prof 0.03 0.58 5.58% 15.88% 0.35 1.12 0.10 34.95% 

 [0.96] [-7.35]       

value -0.03 1.07 0.80% 27.30% 0.03 0.09 0.01 51.11% 

  [-0.73] [0.9]             

Panel C: two factor portfolios (2002 - 2011) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

Value + Prof. 0.05 0.83 8.06% 21.41% 0.38 1.09 0.10 34.75% 

 [1.25] [-2.73]       

Value + Mom 0.02 0.72 4.84% 18.39% 0.26 0.74 0.07 34.40% 

 [0.62] [-6.55]       

Value + BAB 0.03 0.54 5.38% 14.56% 0.37 0.75 0.10 32.45% 

 

[1.06] [-

13.22]       

Value + Size 0.00 0.85 3.34% 22.06% 0.15 0.42 0.04 43.00% 

 [0.02] [-2.99]       

Mom + Prof 0.06 0.60 8.06% 17.08% 0.47 1.02 0.14 30.25% 

 [1.58] [-6.68]       

Mom + BAB 0.06 0.35 7.35% 11.59% 0.63 0.74 0.21 26.10% 

 

[1.81] [-

16.03]       
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Mom + Size  0.05 0.65 7.28% 18.13% 0.40 0.81 0.11 32.14% 

 [1.19] [-5.46]       

Prof + Size 0.04 0.74 7.08% 19.56% 0.36 1.03 0.10 34.86% 

 [1.04] [-4.68]       

Prof + BAB 0.08 0.38 10.17% 11.10% 0.92 0.73 0.27 27.49% 

 [3.53] [-16.1]       

Size + BAB 0.05 0.43 6.69% 12.59% 0.53 0.78 0.15 28.03% 

  

[1.62] [-

13.85]             

Panel D: two factor portfolios (2012 - 2020) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

Value + Prof. 0.02 0.91 9.77% 16.61% 0.59 0.17 0.11 17.36%  
[0.64] [-0.95]       

Value + Mom 0.03 0.78 9.72% 15.47% 0.63 0.14 0.12 16.85% 

 [0.8] [-1.6]       

Value + BAB 0.04 0.63 9.32% 12.54% 0.74 0.09 0.15 14.15% 

 [1.15] [-3.36]       

Value + Size -0.01 1.00 7.74% 17.56% 0.44 -0.16 0.08 18.56% 

 [-0.25] [-0.05]       

Mom + Prof 0.12 0.61 17.13% 13.51% 1.27 1.10 0.28 9.27% 

 [3.6] [-4.5]       

Mom + BAB 0.09 0.46 13.33% 11.37% 1.17 0.56 0.29 9.40% 

 [2.94] [-5.06]       

Mom + Size 0.09 0.69 14.54% 14.15% 1.03 0.81 0.21 11.32% 

 [2.69] [-3.17]       

Prof + Size 0.07 0.74 13.33% 14.30% 0.93 0.76 0.18 12.08% 

 [2.38] [-3.17]       

Prof + BAB 0.08 0.38 10.17% 11.10% 0.92 0.73 0.27 27.49% 

 [3.53] [-16.1]       

Size + BAB 0.09 0.53 13.26% 11.14% 1.19 0.68 0.25 10.09% 

  [3.17] [-5.34]             

Panel E: three factor portfolios (2002 - 2012) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

Value + Mom 

+ Prof. 
0.06 0.73 8.33% 18.76% 0.44 1.25 0.11 31.88% 

[1.49] [-5.72]       
Value + Mom 

+ Beta 
0.04 0.53 5.90% 14.49% 0.41 0.81 0.11 32.71% 

[1.17] [-13.3]       
Value + Mom 

+ Size 
0.04 0.70 7.12% 18.35% 0.39 0.90 0.10 33.96% 

[1.17] [-6.82]       
Value + Prof. 

+ BAB 
0.05 0.56 7.20% 15.41% 0.47 1.12 0.13 29.06% 

[1.45] [-

10.25]       
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Value + Prof. 

+ Size 
0.06 0.80 8.83% 21.05% 0.42 1.11 0.11 34.32% 

[1.35] [-3.47]       
Value + BAB 

+ Size 
0.05 0.56 6.71% 15.29% 0.44 0.91 0.12 33.32% 

[1.35] [-

11.65]       
Mom + Prof. + 

BAB 
0.07 0.41 8.37% 12.93% 0.65 0.98 0.21 27.08% 

[2] [-

13.13]       
Mom + Prof. + 

Size 
0.06 0.67 8.82% 18.43% 0.48 1.07 0.13 32.35% 

[1.52] [-4.77]       
Mom + BAB + 

Size 
0.05 0.46 7.20% 13.61% 0.53 0.81 0.16 30.44% 

[1.6] [-

10.42]       
Prof. + BAB + 

Size 
0.04 0.52 6.02% 14.57% 0.41 0.87 0.12 31.60% 

[1.17] [-

10.96]             

Panel F: three factor portfolios (2012 - 2020) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

Value + Mom 

+ Prof. 
0.03 0.82 9.70% 15.58% 0.62 0.16 0.12 18.06% 

[0.75] [-1.44]       
Value + Mom 

+ Beta 
0.04 0.64 9.13% 13.01% 0.70 0.06 0.14 14.78% 

[1.07] [-2.89]       
Value + Mom 

+ Size 
0.05 0.74 11.40% 14.43% 0.79 0.46 0.15 14.29% 

[1.51] [-2.34]       
Value + Prof. 

+ BAB 
0.04 0.66 9.59% 12.52% 0.77 0.20 0.15 13.36% 

[1.33] [-4.09]       
Value + Prof. 

+ Size 
0.04 0.92 12.07% 16.50% 0.73 0.54 0.13 15.93% 

[1.37] [-0.96]       
Value + BAB 

+ Size 
0.05 0.63 10.66% 12.06% 0.88 0.36 0.17 12.20% 

[1.8] [-4.15]       
Mom + Prof. + 

BAB 
0.12 0.47 15.68% 11.10% 1.41 0.90 0.34 7.46% 

[3.97] [-7.37]       
Mom + Prof. + 

Size 
0.11 0.67 16.91% 13.97% 1.21 1.08 0.25 9.57% 

[3.59] [-3.85]       
Mom + BAB + 

Size 
0.10 0.54 14.89% 11.71% 1.27 0.88 0.28 9.38% 

[3.46] [-4.95]       
Prof. + BAB + 

Size 
0.11 0.54 15.47% 11.37% 1.36 0.98 0.29 8.58% 

[3.93] [-6.31]             

Panel G: four factor portfolios (2002 - 2011) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

BAB + Mom + 

Prof. + Value 
0.05 0.55 7.53% 15.16% 0.50 1.09 0.14 30.99% 

[1.56] [-11.4]       

0.07 0.50 8.84% 14.73% 0.60 1.14 0.18 29.47% 
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BAB + Mom + 

Prof. + Size 

[1.91] [-9.26] 

      
BAB + Mom + 

Value + Size 
0.03 0.55 5.60% 15.24% 0.37 0.71 0.10 34.11% 

[0.99] [-10.2]       
BAB + Prof. + 

Value + Size 
0.05 0.59 6.88% 16.41% 0.42 0.97 0.12 31.92% 

[1.21] [-9.06]       
Mom + Prof. + 

Value + Size 
0.07 0.74 9.85% 19.51% 0.51 1.24 0.13 33.06% 

[1.72] [-5.41]             

Panel H: four factor portfolios (2012 - 2020) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

BAB + Mom + 

Prof. + Value 
0.04 0.64 9.06% 12.58% 0.72 0.05 0.14 14.32% 

[1.19] [-3.71]       
BAB + Mom + 

Prof. + Size 
0.12 0.54 16.42% 11.90% 1.38 1.05 0.31 7.73% 

[4.06] [-6.11]       
BAB + Mom + 

Value + Size 
0.06 0.61 10.86% 12.27% 0.89 0.36 0.18 11.77% 

[1.85] [-4.17]       
BAB + Prof. + 

Value + Size 
0.04 0.67 10.15% 12.58% 0.81 0.31 0.15 12.97% 

[1.59] [-4.23]       
Mom + Prof. + 

Value + Size 
0.04 0.81 11.06% 15.30% 0.72 0.39 0.14 17.69% 

[1.2] [-1.73]             

Panel I: five factor portfolio (2002 - 2011) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

5 factors 0.06 0.58 8.03% 16.09% 0.50 1.11 0.14 32.07% 

  [1.56] [-10]             

Panel J: five factor portfolio (2012 - 2020) 

  

CAPM 

Alpha 

CAPM 

Beta Mean 

Standard 

Deviation SR IR TR MDD 

5 factors 0.05 0.64 10.88% 12.24% 0.89 0.41 0.17 12.57% 

 [1.91] [-4.49] 
  

    
Table 27: Smart Beta Portfolio Performance. Splitted Time Periods. Source. Refinitiv Datastream, own calculations 


